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Recent advances in generative Al have demonstrated the power of scaling: large language and vision
models trained on internet-scale data now exhibit remarkable capabilities in perception, generation, and
reasoning, often generalizing to tasks and domains far beyond those seen during training. These successes
have inspired growing interest in bringing foundation-model paradigms to robotics, with the goal of moving
beyond narrow, task-specific autonomy in constrained environments toward general-purpose robots that
perceive, plan, and act robustly across diverse open-world settings. However, robotics fundamentally differs
from language and vision in ways that resist a direct transfer of the scaling recipe. Robot learning cannot rely
on the passive accumulation of internet data, since embodied interaction data must be physically collected
through hardware, human teleoperation, or simulation, each of which is expensive, slow, and difficult to
scale to the diversity of real-world tasks. Moreover, embodied data is inherently long-tailed: rare events,
edge cases, and failure modes are precisely the situations in which robustness matters most, yet the hardest
to obtain. As a result, simply scaling data and model parameters is insufficient. Building general-purpose,
robust robotics foundation models therefore demands a different question: how can robots learn more from
less data, generalize beyond their training distribution, and continue to improve over time through their own

experience?



This thesis argues that reasoning in the loop offers a promising path forward. Rather than treating
reasoning as a downstream capability applied after learning, I show how reasoning can be integrated directly
into the learning process itself, shaping how data is represented, how models are trained, and how policies are
refined through deployment. By reasoning over structured feedback, temporal context, and failure, robots
can extract substantially more signal from each interaction, compensating for data scarcity and improving
generalization to unseen objects, scenes, and tasks. I develop this agenda along three complementary axes.
First, I introduce approaches for spatial reasoning that enable robots to ground language in 3D space and
reason explicitly about geometric and relational structure among objects, supporting precise manipulation in
cluttered and previously unseen environments. Second, I develop temporal reasoning through memory-centric
models that retain, query, and reason over past observations and actions, allowing robots to maintain coherent
behavior across extended time horizons and to perform high-precision, long-horizon tasks that exceed the
scope of purely reactive policies. Third, I show how reasoning over failures allows robots to diagnose
why actions fail, attribute errors to specific causes, and use that understanding to self-improve, increasing
robustness without additional human supervision or demonstrations. Taken together, these contributions
reframe robotics foundation models as systems that learn through reasoning, closing the loop between
perception, action, and structured inference. This perspective points toward a new generation of self-
improving autonomous systems capable of operating reliably in the open world, and lays a foundation for

scalable, data-efficient embodied intelligence.
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Chapter 1

Introduction

Robotics has long stood as one of the grand challenges of artificial intelligence [Duan et al., 2022; Bommasani
et al., 2021]. For decades, researchers have sought to build machines that can perceive, reason, and act in
the physical world: self-driving cars capable of reaching full autonomy [Hussein et al., 2017], intelligent
manufacturing systems that can automate complex factory workflows, mobile robots that can navigate reliably
through cities and indoor environments [Zeng et al., 2024; Eftekhar et al., 2023; Sun et al., 2019], and aerial
drones that can support last-mile delivery [Gupta et al., 2025; Kaufmann et al., 2023]. Across these domains,
advances in perception, planning, control, and machine learning have gradually transformed robotics from a

largely laboratory-bound discipline into a field with growing real-world impact.

Yet one of the most important frontiers of robotics remains largely unsolved: building robots that can
operate in the unstructured, diverse, and constantly changing environments of everyday human life. Homes,
hospitals, offices, and public spaces are far less predictable than factories or roads. They contain long-tail
objects, ambiguous instructions, cluttered scenes, changing layouts, and tasks that require physical interaction
with the world. A robot operating in these environments must do more than recognize objects or execute
pre-programmed motions. It must understand human intent, reason about spatial and temporal context, adapt

to unfamiliar situations, recover from mistakes, and manipulate objects safely and effectively.

Recent progress in generative Al, particularly large language models and vision-language models [Reid
etal., 2024; OpenAl, 2024; Deitke et al., 2024; Li et al., 2024a], has opened a new path toward this goal. These

models demonstrate that scaling data, model capacity, and training objectives can lead to broad generalization,
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emergent reasoning abilities, and flexible interaction through natural language. Inspired by these advances,
the robotics community has begun to explore Robotics Foundation Models: general-purpose models that can
take in multimodal observations and human-understandable language instructions, and produce actions that
allow robots to complete a wide range of tasks across environments, embodiments, and domains [Bjorck

et al., 2025; NVIDIA et al., 2025; Kim et al., 2024; Black et al.; Lee et al., 2025].

At the same time, robotics differs fundamentally from language and vision. Large language models benefit
from internet-scale text data, while vision models can be trained on massive collections of images and videos.
Robot learning, by contrast, requires embodied interaction data: observations paired with actions, physical
consequences, and task outcomes. Such data is expensive, slow, and difficult to collect at scale. Although
recent efforts have produced larger robot datasets and more scalable tools for collecting demonstrations
across diverse environments [O’Neill et al., 2024; Khazatsky et al., 2024], the amount of available robot data
remains orders of magnitude smaller than the data used to train modern foundation models in language and
vision. This gap raises a central question: how can we build generalist robot models that learn efficiently

from limited embodied data while still generalizing to the complexity of the real world?

This thesis argues that reasoning in the loop is a key ingredient for building such models. Reasoning
has always been central to robotics, especially in the form of task planning [Fikes and Nilsson, 1971;
Ghallab et al., 2004], motion planning [Latombe, 1991; LaValle, 2006; Choset et al., 2005], and model-based
decision-making [Bertsekas, 2017; Thrun et al., 2005]. Classical robotics systems often reason through
explicit representations of states, goals, constraints, and dynamics [Siciliano et al., 2009; Lynch and Park,
2017; Murray et al., 1994], using planners to compute action sequences before execution [Russell and Norvig,
2020; Garrett et al., 2021]. These approaches have been highly successful in structured settings, but they

typically depend on carefully designed abstractions, known environments, and well-specified objectives.

This thesis studies reasoning through the lens of modern foundation models, particularly large language
models and vision-language models. Here, reasoning is a mechanism for connecting language, perception,
memory, action, and feedback within the learning and deployment process itself. Rather than treating
reasoning as an external capability applied after perception or planning, this thesis explores how reasoning
can be integrated directly into the supervision, representations, and execution of robotics foundation models.

By incorporating structured forms of reasoning over language, space, time, memory, actions, and failures,
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robot models can learn more effectively from limited data, better connect high-level semantic understanding
to low-level control, and improve their ability to adapt and self-correct in open-world environments. From this
perspective, reasoning is not limited to producing a plan before acting; it also helps a robot understand what
information matters, represent intermediate goals, interpret feedback, remember relevant past experience, and
revise its behavior when execution fails.

The central vision of this thesis is to move beyond robots that merely imitate demonstrations toward
robots that can reason about what they are doing, why they are doing it, and how to recover when things
go wrong. This requires rethinking the interfaces between perception and action, the forms of supervision
used to train robot policies, and the mechanisms through which robots use past experience to inform future
behavior. Through this lens, Robotics Foundation Models are not only scaled-up policies trained on more
robot data, but systems that combine broad multimodal understanding with structured reasoning mechanisms
that make their behavior more controllable, interpretable, and robust.

Ultimately, this thesis aims to contribute toward a future in which robots can assist people in everyday
environments, from homes and laboratories to hospitals and workplaces, by carrying out mundane, repeti-
tive, or physically demanding tasks. Achieving this future will require robots that can understand human
instructions, ground them in perception, act with precision, learn from feedback, and continuously improve
through interaction. Reasoning-in-the-loop provides a promising path toward this goal by bringing the flexible
reasoning capabilities of foundation models into embodied learning and control, thereby helping bridge the

gap between internet-scale intelligence and embodied intelligence in the physical world.

1.0.1 Bridging the Spatial-Semantic—Action Gap in Robotics Foundation Models

A central challenge in building Robotics Foundation Models is bridging the gap between high-level semantic
understanding and low-level physical action. Modern vision-language models have demonstrated impressive
abilities in object recognition, visual question answering, language grounding, and commonsense reasoning.
However, these capabilities do not directly translate into effective robot control. A robot must not only
understand what an instruction means, but also determine where to act, how to move, and how its actions will

change the physical state of the environment.

This mismatch creates what this thesis refers to as the spatial-semantic—action gap. On the one hand,
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foundation models trained on internet-scale image-text data acquire broad semantic knowledge about objects,
scenes, and language. On the other hand, robot policies must output precise and temporally coordinated
actions in continuous physical space. Between these two levels lies a difficult missing interface: the ability to
convert semantic intent into spatially grounded action representations that are useful for control.

For example, an instruction such as “place the mug next to the plate” requires more than recognizing the
mug and the plate. The robot must infer the target spatial relationship, identify feasible grasp and placement
regions, reason about object geometry and free space, and execute a sequence of motions that satisfies the task.
These requirements expose a limitation of directly mapping observations and language to actions: without
structured intermediate representations, the model may struggle to learn the spatial reasoning necessary for
robust manipulation, especially under limited robot data.

This thesis argues that effective Robotics Foundation Models should incorporate explicit or implicit
reasoning interfaces that connect semantics to action. Such interfaces may include spatial points, object-
centric representations, visual traces, affordance maps, action waypoints, or other intermediate structures
that expose where and how the robot should act. By supervising and modeling these intermediate reasoning
steps, robot policies can better leverage the semantic knowledge of foundation models while grounding that
knowledge in the spatial constraints of physical interaction.

Bridging the spatial-semantic—action gap is therefore not only a problem of scaling model size or robot
data. It requires designing representations that allow models to reason about space in ways that are actionable
for robots. This thesis explores how structured spatial reasoning can serve as a bridge between high-level
multimodal understanding and low-level manipulation, enabling robot policies to generalize more effectively

across objects, tasks, and environments.

1.0.2 Representing and Storing Memory in a Computationally Tractable Way for Manipula-

tion

Many manipulation tasks are not Markovian from a single observation. A robot often needs to remember
what it has seen, what it has done, which objects have moved, which parts of the scene are occluded, and what
subgoals have already been completed. This is especially important for long-horizon tasks, where success

depends on maintaining temporal context across many steps. For example, when organizing objects, opening
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containers, or assembling multi-part structures, the robot must use information from earlier observations to

guide later actions.

While memory is essential for robust manipulation, representing and using memory in Robotics Foun-
dation Models remains challenging. A simple approach is to attend over all past observations, but this
quickly becomes computationally expensive as task horizons grow. Storing full image histories or dense
visual features can also be inefficient and difficult to scale. In contrast, overly compressed recurrent states
may discard important spatial details that are needed for precise control. This creates a tension between
expressiveness and tractability: memory must preserve task-relevant information while remaining efficient

enough for real-time robot execution.

This thesis studies memory as a structured reasoning mechanism for manipulation. Rather than treating
memory as an unbounded history buffer, the goal is to represent past experience in compact, actionable
forms that can be retrieved when needed. Such memory may encode key scene states, object locations, past
actions, visual features, or task-relevant spatial context. By storing only the information most useful for
future decision-making, a robot can reason over long horizons without incurring the computational cost of

full-history attention.

A computationally tractable memory system should satisfy several properties. First, it should be selective:
not every past observation is equally useful, so the model must identify which information should be stored.
Second, it should be grounded: memory should preserve spatial and visual information in a form that can
support manipulation. Third, it should be retrievable: the robot should be able to access relevant past
information based on the current observation, instruction, and task context. Finally, it should be scalable: the

cost of memory should not grow prohibitively with task length.

By incorporating such memory mechanisms, Robotics Foundation Models can move beyond reactive
policies that depend only on the current observation. They can instead reason over temporal context, recover
information that is no longer visible, and maintain consistency across long-horizon manipulation tasks. This
thesis explores how compact and retrievable memory representations can enable robots to act more robustly

in partially observable, changing, and cluttered environments.

33



1.0.3 Scaling Failure Reasoning for Open-World Manipulation

Failure is unavoidable in open-world manipulation. A robot may grasp the wrong object, miss the intended
grasp pose, drop an object, collide with the environment, place an object imprecisely, or execute a motion
that does not produce the desired outcome. In structured benchmarks, these failures are often reduced to
binary success labels. However, binary feedback provides very limited information: it tells the robot whether
the task succeeded, but not why it failed or how it should improve.

This thesis argues that failure reasoning is a crucial form of feedback for scaling Robotics Foundation
Models. Instead of viewing failure only as an endpoint, failure can be treated as a source of supervision. A
robot that can reason about failures can identify the cause of an unsuccessful execution, connect that cause
to the task objective, and propose corrective actions. This moves robot learning beyond scalar rewards or

success labels toward richer, non-scalar feedback that explains what went wrong.

Failure reasoning is especially important in open-world settings because the distribution of possible errors
is large and difficult to enumerate manually. A robot operating in a home, laboratory, or workplace will
encounter unfamiliar objects, unexpected object states, ambiguous instructions, and physical interactions that
differ from its training data. In such settings, robust deployment requires not only executing known skills, but

also recognizing when execution deviates from the intended outcome and adapting accordingly.

Modern vision-language models provide a promising foundation for scaling failure reasoning. Because
they are trained on broad multimodal data, they can bring commonsense and visual reasoning capabilities to
robot execution traces. However, directly applying general-purpose VLMs to robotics is insufficient: robot
failures often involve subtle spatial, temporal, and physical details that are not captured by generic image-text
reasoning. A robot failure may depend on whether the gripper contacted the object at the right pose, whether
the object moved as intended, or whether a placement satisfied the task-specific spatial relation. These
forms of reasoning require data, supervision, and evaluation protocols specifically designed for embodied
manipulation.

This thesis studies how to scale failure reasoning for open-world manipulation by constructing models
and datasets that reason over robot trajectories, task instructions, and execution outcomes. The goal is to
enable robots to produce structured feedback about failures, such as identifying whether the error came from

perception, grasping, motion, placement, task planning, or physical interaction. Such feedback can then
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support policy improvement, data filtering, recovery behavior, and self-correction. By treating failure as a
reasoning problem rather than merely a binary outcome, Robotics Foundation Models can become more
robust and adaptive. They can learn not only from successful demonstrations, but also from mistakes. This
ability is essential for deploying robots in open-world environments, where failures are inevitable and where

continued improvement depends on understanding and correcting them.
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Chapter 2

Spatial Reasoning: Bridging Spatial
Semantics and Action in Robotics

Foundation Models

2.1 Introduction

Reasoning allows us to act with intention. Before reaching for a cup or moving through a room, we
subconsciously weigh context, goals, and constraints—transforming perception into purpose. This process,
grounded in our physical experience of the world, makes our actions coherent, adaptable, and explainable.
For robots to operate with the same fluency, they must do more than map images and instructions to robot

control. They must learn to reason.

In contrast to the rapid generalization gains seen in large language and vision models, progress in robotics
has lagged behind [Duan et al., 2022; Xu et al., 2024b; Firoozi et al., 2025]. Vision-Language-Action (VLA)
models [Black et al.; Kim et al., 2024; Team et al., 2025; NVIDIA et al., 2025; Yang et al., 2025a] aim to bring
similar capabilities to physical agents, but have yet to reach the same level of flexibility or robustness. Despite
massive efforts in dataset collection and model scaling, today’s VL As remain brittle and opaque—struggling
to transfer across tasks, scenes, or embodiments, and offering little insight into why a robot chose one action

over another [Liu et al., 2025; Pumacay et al., 2024].
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Figure 2.1: Overview. MOLMOACT is an open action reasoning model that, given a user’s language instruc-
tion, reasons in space and autoregressively predicts three structured reasoning chains: DEPTH PERCEPTION
TOKENS for sensing and reconstructing the 3D environment, VISUAL REASONING TRACE TOKENS for
representing its planned trajectory in the scene, and ACTION TOKENS for generating the corresponding
robot control commands. Each explainable reasoning chain can be independently decoded—yielding a
depth map of the scene, a 2D trajectory overlay on the image plane, and executed actions in the physical
world—providing explicit, spatially grounded reasoning at every stage.

4

This gap stems not just from limited data, but from a lack of structure. While language and vision tasks
benefit from abundant, loosely labeled web-scale data, robotics demands fine-grained, embodied interaction—
data that is costly, ambiguous, and difficult to scale. Yet in parallel, language models have begun to shift
away from brute-force scaling toward structured learning: building intermediate representations that support
reasoning, abstraction, and control [Wei et al., 2022; Zelikman et al., 2022; Huang et al., 2022]. We believe
robotics can—and must—do the same.

In this chapter, we introduce MOLMOACT (Multimodal Open Language Model for Action), a family
of completely open Action Reasoning Models (ARM) that integrate perception, planning, and control
through a structured reasoning pipeline. MOLMOACT learns to interpret language instructions, sense its
environment, generate spatial plans, and execute them as smooth, goal-directed trajectories. The model first

encodes observations and instructions into structured 2.5D representations via autoregressive prediction of
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depth-aware perception tokens. These tokens condition the generation of mid-level planning representations,
which, when visualized as visual traces in image space, guide the prediction of precise, low-level robot
actions. This three-stage reasoning architecture enables MOLMOACT to produce explainable and steerable
behavior as shown in Figure 2.1.

MOLMOACT’s structured design delivers both strong performance and high explainability. On standard
benchmarks such as LIBERO and SimplerEnv (Google Robot), MOLMOACT consistently outperforms
competitive baselines including GROOT N1.5 [NVIDIA et al., 2025], my and 7y-FAST [Black et al.], RT-
1 [Brohan et al., 2022], and TraceVLA [Zheng et al., 2024a]. In arena-style human evaluations for open-ended
language instruction following, MOLMOACT is preferred over baselines, achieving significantly higher Elo
ratings. The model adapts to novel tasks more effectively through lightweight fine-tuning, surpassing other
strong baselines in efficiency. Moreover, it generalizes well to diverse environments and task perturbations in
both simulation and real-world settings. Its visual reasoning traces offer an explainable view into the model’s
decision-making, while also enabling direct action steering by editing trajectory lines—an approach we find
more reliable than language commands, which can suffer from ambiguity.

MOLMOACT is fully open in every aspect: we release the model weights, training code, and all com-
ponents of our action reasoning dataset. We aim for MOLMOACT to be more than a high-performing
robotics foundation model, serving as a blueprint for building agents that reason, transforming perception

into purposeful action through reasoning.

2.2 Related Work

2.2.1 Generalist Robot Manipulation Policies

Recent advances in robotic manipulation have shifted from training narrow, single-task specialists to learning
from large, diverse datasets spanning many scenes, tasks, and embodiments [Berscheid et al., 2019; Brohan
et al., 2022; Dasari et al., 2019; Ebert et al., 2021; Fang et al., 2023; Jang et al., 2022a; Khazatsky et al., 2024;
Mandlekar et al., 2018; Walke et al., 2023; Shafiullah et al., 2023]. This shift has enabled policies that not
only excel within their training distribution but also generalize to out-of-distribution scenes, environments,

language instructions, and novel objects [Pumacay et al., 2024; Xie et al., 2024; Lin et al., 2024]. Much
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of this progress has been fueled by Large Language Models (LLMs) [O’Neill et al., 2024; Achiam et al.,
2023; Groeneveld et al., 2024; Touvron et al., 2023] and Vision-Language Models (VLMs) [Team et al.,
2024a; Liu et al., 2023c; Deitke et al., 2024], giving rise to the paradigm of Vision-Language-Action models
(VLAs) [Black et al.; Brohan et al., 2022; Zheng et al., 2024a; Zhao et al., 2025; Team et al., 2025; Li et al.,
2024b; Qu et al., 2025; Kim et al., 2024]. VLAs pretrain a VLM backbone on large-scale web data to capture
rich semantic world knowledge, then fine-tune it for downstream robot control. While most share similar
backbones, they differ in their action heads—employing flow matching [Wen et al., 2025b], diffusion [Wen
et al., 2025a; Liu et al., 2024e], or advanced action tokenization schemes [Pertsch et al., 2025]. Some adopt
hierarchical designs, where a robotics-focused VLM [Bjorck et al., 2025; Li et al., 2025; Shentu et al.,
2024] outputs intermediate representations for pre-trained, task-specific policies to improve generalization.
However, a major bottleneck for these models is their heavy reliance on large amounts of robotics-specific
data, often collected via tele-operation. In contrast, MOLMOACT aims to leverage reasoning in space to train
an action reasoning model that achieves competitive or superior performance with only a fraction of the data

required by existing methods.

2.2.2 Robot Reasoning and Planning with Language

In recent years, numerous works have demonstrated that augmenting end-to-end robotic policies with high-
level reasoning—either by integrating LLMs or VLMs directly into robotic systems, or by incorporating
their reasoning outputs into policies—can substantially improve performance on long-horizon tasks and
enhance generalization [Ahn et al., 2022; Huang et al., 2023; Bharadhwaj et al., 2024; Fang et al., 2025;
Liu et al., 2024d; Shi et al., 2024b; Wang et al., 2024b; Gu et al., 2023]. An alternative line of research
seeks to decouple perception and reasoning from low-level control, assigning VLMs the role of performing
semantic prediction or generating intermediate representations such as task plans, scene graphs, or spatial
layouts [Duan et al., 2024b; Liu et al., 2024a; Li et al., 2025; Huang et al., 2024b; Liang et al., 2022; Singh
et al., 2022; Duan et al., 2024a]. Execution is then handled by a separate low-level policy or control module
that interprets these high-level outputs and converts them into robot actions.

Action prediction from MOLMOACT can be steered through both natural language and an interactive

visual reasoning-trace sketch interface. This dual-modality control improves explainability and enables
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more effective diagnosis of model behavior. While prior methods such as RT-Trajectory [Gu et al., 2023],
HAMSTER [Li et al., 2025], and inference-time policy steering [Wang et al., 2024b] also offer forms of
policy steerability, they differ in important ways. RT-Trajectory and inference-time policy steering are tightly
coupled to the architectural constraints and training regimes of robotics transformers or diffusion models, and
therefore lack the broader semantic generalization provided by pre-training on a VLM backbone. HAMSTER
enables language-conditioned trajectory steering but outputs only 2D trajectories from the high-level VLM,
with execution handled by a low-level policy trained on a fixed set of tasks. In contrast, MOLMOACT
generalizes its steering to novel spatial configurations, previously unseen objects, and even ambiguous
language instructions for a diverse set of tasks, offering a more versatile and semantically grounded control

interface with users.

2.2.3 Embodied Reasoning for Robotic Manipulation

Chain-of-thought (CoT) prompting [Wei et al., 2022] has significantly improved the multi-step reasoning
capabilities of LLMs across domains such as mathematics, programming, and question answering. This idea
has also been extended to the visual domain through multimodal CoT [Bigverdi et al., 2025; Zhang et al.,
2023b], where visual information is processed iteratively and reasoned over in conjunction with images.
Motivated by these advances, recent works in robotics have explored extending reasoning capabilities to
embodied tasks within vision-language-action (VLA) models.

ECoT [Zawalski et al., 2024] synthesizes intermediate subgoals via prompting and uses supervised
fine-tuning to teach VLAs to reason before acting. CoT-VLA [Zhao et al., 2025] replaces linguistic CoT with
visual subgoal frames generated prior to action prediction. RAD [Clark et al., 2025] leverages action-free
human video to curate language-based reasoning to guide low-level actions. ThinkAct [Huang et al., 2025]
leverages action-aligned reinforcement learning and visual latent planning to connect embodied reasoning
with real-world action prediction in VLAs. Most similar to our reasoning-in-space approach are Emma-
X [Sun et al., 2024], which autoregressively fine-tunes OpenVLA with reasoning data formatted as subtasks,
predicted future gripper states in 2D, and 3D spatial movement coordinates, and Yang et al. [2025b], which
focuses on different forms of mid-level representations, including a trajectory trace with depth awareness,

although they only evaluated for diffusion policy on a small data region.
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However, unlike ECoT, CoT-VLA, RAD, and ThinkAct—whose reasoning is represented as latent
embeddings, generated sub-goals, or textual descriptions that are difficult to ground in the real world and lack
the precision required for manipulation—MOLMOACT grounds every step of its reasoning chain directly in
the scene. Compared to Emma-X, which reasons primarily over predicted gripper positions without leveraging
the full 3D scene context, MOLMOACT performs reasoning in space, where each step can be decoded and
visualized both on the image plane and within the 3D environment. This explicit spatial grounding improves

explainability and enhances action prediction within a chain-of-thought prompting framework.

2.3 MolmoAct

MOLMOACT is a fully open-source action reasoning model (ARM) for robotic manipulation. It builds on
Molmo [Deitke et al., 2024], reusing its vision—language backbone composed of a vision encoder, a vision—
language connector, and a large language model (LLM). While Molmo supports chain-of-thought reasoning
for language and vision, MOLMOACT extends this capability to generate grounded action sequences. The
model is trained on a subset of the Open X-Embodiment (OXE) mixture [O’Neill et al., 2024] consisting
of BC-Z [Jang et al., 2022a], BridgeData V2 [Walke et al., 2023], and RT-1 [Brohan et al., 2022], and our
in-house collected MOLMOACT DATASET.

In the following sections, we describe the VLM preliminaries (§2.3.1), our method to adapt VLMs for
action prediction via action tokenization (§2.3.2), how we transform Molmo into an action reasoning model

(ARM; §2.3.3), and our approach to steer action by visual reasoning traces (§2.3.4).

2.3.1 Vision Language Model

To equip an action model with visual and linguistic world knowledge, we build upon vision—language models
(VLMs). Most modern VLMs share a three-component structure: (i) a visual encoder that transforms an
image into patch-level embeddings, (ii) a projection module that maps these visual features into the input
space of a language model, and (iii) a large language model (LLM) backbone. These components are typically
trained with a next-token prediction objective on paired or interleaved image—text data.

Our work builds on Molmo, the Multimodal Open Language Model, which follows this standard design.

It employs a Vision Transformer (ViT) visual encoder, a two-layer MLP connector for projecting vision
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features into the language embedding space, and a decoder-only LLM backbone. In our implementation, we
use vision encoders such as OpenAl ViT-L/14 336px CLIP [Radford et al., 2021b] and ViT-SO400M/14
384px SigL.IP2 [Tschannen et al., 2025], paired with open LLMs including OLMo2-7B [OLMo et al., 2024]
and Qwen2.5-7B [Qwen et al., 2025]. We trained MOLMOACT-7B-O with a VLM backbone based on
OpenCLIP and OLMo2-7B, and MOLMOACT-7B-D with a backbone based on Sigl.IP2 and Qwen2.5-7B.

The degree of openness in the backbone components varies. SigL.IP2 and Qwen2.5 do not disclose the full
details of their pre-training, and are presumed to use large-scale Internet-sourced multimodal data. In contrast,
OLMo2 provides open training datasets (e.g., LAION-2B/5B [Schuhmann et al., 2022], Dolma [Soldaini
et al., 2024]), model weights, and complete training code. Although OpenAl CLIP also uses closed training
data, it can be reproduced from scratch, as shown by MetaCLIP [Xu et al., 2024a]. We use the model from
OpenAl because it was trained for higher resolution images, and also following the previous choice from
Molmo [Deitke et al., 2024]. In MOLMOACT, we initialize vision and language components from these open
checkpoints whenever available, and use the pre-training procedure from Molmo [Deitke et al., 2024] to train
the VLM on dense captioning data. Then, after vision-language alignment, we start to fine-tune MOLMOACT
with a subset of the Open X-Embodiment (OXE) mixture and the MOLMOACT DATASET. This enables full

reproducibility and supports community-driven re-training and ablation studies on data curation and scaling.

2.3.2 Vision-Language-Action Model

A standalone VLM—even when expertly prompted—cannot directly control a robot: it lacks a representation
of the robot’s action space and dynamics, and thus can only provide high-level planning over the current
observation. To produce accurate, executable commands, we follow prior work [Brohan et al., 2022; Kim
et al., 2024; Zitkovich et al., 2023] in formulating action prediction as a vision—language sequence modeling
task. For each action dimension, we normalize using dataset quantiles and discretize into 256 uniform-width
bins between the first and ninety-ninth percentiles, which reduces the influence of outliers while preserving
effective granularity. This yields an N-dimensional action represented as N integers in [0, 255 ]. The model
is trained end-to-end with a next-token prediction objective, and the loss is computed only on the action

tokens.

Prior work represents the 256 discretized action bins with 256 distinct language tokens taken from the

43



Pre-Training ; Mid-Training, Post-Training & Inference
" . Left:[14,51,
Action Reasoning Data |<DEPTH_4>...<DEPTH_100>, [1, 41]..[30,5], [4, -1, ..., 1] 4 41++0-58 41130511, 23,41,31,5,
Auxiliary Depth Perception Tokens <DEPTH_4><DEPTH_66>...<DEPTH_100> 55 28---- 51 [1,211,(51,2] ;:gllstf,[lez
Auxiliary Visual Reasoning Trace [1, 41], [20, 6], [0, 32], [255, 13], [30,5] @ 65 ++e+ 11 ! -[41,66] - 51,61,31,51,
Trajectory-conditioned Action Data '[4, -1,-17, 200, 70, -20, 1]} 259]

Depth Perception Tokens Visual Reasoning Trace

Multimodal Web Data "Carrot cake" Action Tokens

Pre-Trained Vision-Language Model

Molmo(7B) Pre-Trained Action Reasoning Model

Trajectory Input
"Put apple in drawer” "Predict the depth map"

"Predict the trajectory” "Predict action based on trajectory”

.
]
]
]
]
]
]
|
]
]
]
]
]
]
]
]
]
]
]
]
|
]
]
]
]
]
]
]
]

"What type of cake is this" :

ETRA S =0
= o o8 = _—

Figure 2.2: Training process of MOLMOACT. The model training process consists of two stages: Pre-
training (left) and Post-training, Mid-training & Inference (right). During pre-training, the vision—
language backbone (Molmo) is trained on multimodal and robot reasoning data for diverse objectives,
including discretized robot control, 2D pointing, trajectory drawing, open-vocabulary question answering,
and perception token prediction. In post-training, the action reasoning model consumes multi-view camera
images and either natural language instructions or visual trajectory inputs, generating perception tokens,
visual reasoning trace tokens, and action tokens for execution.

tail of the vocabulary. Continuous action bins, however, possess ordinal structure and local correlation,
whereas arbitrary language tokens are effectively unrelated. This mismatch yields a poor initialization
for learning an action codebook. We adopt a simple alternative that better reflects the geometry of the
action space. We first identify the final 256 tokens in the Qwen?2 tokenizer and, for each, use its underlying
byte-level BPE symbol. We then assign them monotonically to the 256 bins so that adjacent bins map to
adjacent symbols, and this becomes our action token vocabulary V,i;on. We notice that these BPE symbols
offer a better initialization for action token embeddings by sharing similar characters between adjacent
action bins. This similarity-preserving initialization offers a smoother starting point for optimization and,
in practice, substantially reduces training time. In contrast to GROOT N1.5’s training time of 50,000 GPU
hours [NVIDIA et al., 2025], MOLMOACT achieves pre-training with only 9,216 GPU hours: over a 5X

reduction.

2.3.3 Action Reasoning Model

Chain-of-Thought (CoT) [Wei et al., 2022] has been shown to significantly improve language models’

performance on complex tasks. Likewise, multimodal language models also benefit from multimodal chain of
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Figure 2.3: Distribution of the data mixture in the overall pre-training mixture (left) and in the sampled
subset used for MOLMOACT pre-training (right). The mixture contains primarily action reasoning data
(38.7%), trajectory-conditioned data (38.7%), and multimodal web data (21.5%), with small fractions of
auxiliary depth and trace data (0.5% each). The sampled subset increases the proportion of auxiliary data
(7.5% each for depth and trace) while reducing multimodal web data to 5%.

thought (MCoT) [Lai and Nissim, 2024] in processing long multimodal contexts. However, this “think-before-
you-act” paradigm is rarely present in robotic control policies. While some work attempts to incorporate
reasoning into VLA, they focus on high-level language reasoning [Sun et al., 2024; Zawalski et al., 2024;
Intelligence et al., 2025] such as decomposing a high-level semantic task into subtasks. While useful, they
ignore two crucial aspects for precise control: depth perception and precise motion planning. First, most
VLMs are trained solely on RGB images and hence lack the ability of depth estimation and 3D understanding,
which is critical for robotic manipulation. Moreover, attempting to distill complex 3D trajectories into
linguistic descriptions often results in significant loss of spatial and temporal information.

In contrast to previous approaches, MOLMOACT does not incorporate intermediate reasoning through
language; rather, we teach our models to reason in space. Conditioned on images and instructions, the model
autoregressively generates a sequence of depth perception tokens, followed by a visual reasoning trace of the

intended end-effector motion, before predicting the action tokens.

Depth Perception Tokens. Depth estimation is a key aspect of spatial understanding and robot action
prediction. Most conventional VLMs and VLAs condition their outputs solely on the RGB image input
and text instruction. Lacking depth estimation, they fail on tasks that require spatial understanding. Prior
work [Bigverdi et al., 2024] has shown that depth perception tokens are effective in enhancing chain-of-
thought reasoning for visual—spatial tasks. Building on this insight, we leverage depth estimation as a

key component to enable fine-grained robotics control in 3D environments. We now examine how each
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intermediate step in the reasoning chain is formulated.

We begin by defining the auxiliary vocabulary that contains depth perception tokens. Let
Vaepth = {(DEPTH_START), (DEPTH_END)} U {(DEPTH_k)}iV:l (2.1)

be the discrete token set used to represent depth, with N = 128. For each input image, the target depth string

is defined as

d = ((DEPTH_START) (DEPTH_z{"") ... (DEPTH_z*") (DEPTH_END)) € Viepn, (22)

depth

with M = 100, and each z; € {1,..., N} indexing a code in a VQVAE [Van Den Oord et al., 2017]
codebook C = {cy,...,cn}. The codebook is produced by a pre-trained specialist depth estimator (trained
on depth maps from Depth Anything V2), which quantizes the dense depth map into a fixed-length sequence
of M indices. There is a deterministic one-to-one correspondence between each codebook index and a depth
token in Vepn (i.€., index k maps to (DEPTH_E)), so d is a discrete, explainable summary of the depth
map of the scene. We employ a specialist-to-generalist distillation strategy to ground MOLMOACT’s depth
perception token prediction: the specialist produces d as the ground-truth depth string, and the VLA is trained

to predict this string autoregressively from the original RGB observation, thereby internalizing depth in a

form that can condition downstream trajectory and action generation.

Visual Reasoning Trace. Planning is a crucial component in robotics. Instead of planning through subtask
decomposition in language, we predict an intermediate two-dimensional representation to better align visual
inputs and control outputs across diverse robots and tasks. In particular, we generate the 2D trajectory of
the end-effector and train the model to predict this trajectory alongside the next action command, a strategy
shown to be effective in prior work [Li et al., 2025; Zheng et al., 2024a; Gu et al., 2023; Niu et al., 2024].
These predicted waypoints help align each action to precise end-effector locations, enabling the model to
focus on fine-grained localization and thereby improving action-prediction accuracy. To achieve this, we

introduce the visual reasoning trace.

Given an image observation, we define the end-effector visual reasoning trace on that image as a polyline
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Figure 2.4: Examples and verb distribution in the MOLMOACT DATASET. Left: Sample robot manipula-
tion tasks paired with natural language instructions, spanning diverse household activities such as closing a
laptop, loading a plate, cleaning a toilet, and opening a microwave. Right: Log-scale distribution of the top

LT3

verbs in the dataset, showing a long-tail pattern with “put,” “turn,” and “close” as the most frequent actions.

with L points, 1 < L <5 (i.e., 0 to 4 line segments),

T = (p17"'apL)7 b = (uiavi)v (23)

where for every p; = (u;,v;), the coordinates of the point are normalized with respect to the given image
dimension so that u;, v; € {0, ...,255}.

Note that p; corresponds to the coordinate where the robot end-effector is located in the given image,
and all other points are the locations of the end-effector in later frames. For the full polyline, points are

subsampled evenly from the future horizon of the episode between the current frame and the terminal frame.

Action Reasoning Procedure. With depth perception tokens and visual reasoning trace, MOLMOACT can
finally perform action reasoning in space with the following procedure: given an RGB image observation
and a language instruction 7' (which includes an action CoT prompt), the model autoregressively generates

three token sequences in order: (i) depth perception tokens d; (ii) visual reasoning trace T; (iii) action tokens

a, where a = (ay,...,ap) € Va?tion with D degrees of freedom. These are produced according to the
factorization
M+2 L D
p(dral1,1) = []pld | 1.T.de) x [ [p(r | LT 7)) x [ [plax | 1,T.d,7,aq). 24
i=1 j=1 k=1
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In other words, the depth string d is generated first, then the visual reasoning trace 7, and finally the action
tokens a. By conditioning each stage on the preceding depth and trajectory tokens, we ensure that the final

actions are spatially grounded in both the inferred depth and the planned motion sketch.

2.3.4 Action Steerability via Visual Reasoning Trace

We define steerability as the ability to guide a policy at test time to perform different behaviors using
user-provided instructions. Most prior VLA systems rely exclusively on language for steering. However,
language-only steering faces three practical challenges: (i) it requires large and diverse corpora of high-
quality language—action pairs to learn a reliable grounding between words and control, (ii) natural language
is inherently ambiguous about magnitudes, scales, and endpoints, and (iii) post-trained models often exhibit
narrow prompting habits, making them brittle to out-of-distribution phrasing. For manipulation, these issues
translate into imprecise or inconsistent control. We therefore seek a steering modality that is both precise and
scalable. Rather than relying on ambiguous language prompts, we allow the user to draw a visual reasoning
trace T directly on the camera image to indicate the desired end-effector path. A trace 7 = (p1,...,pr),
1= L =<5 (.e., 0to4 line segments), is overlaid onto the RGB image I to form an augmented observation
I" =1 & r. Visual reasoning traces are unambiguous, easily edited, and generalize across tasks without

large text—action corpora or brittle language patterns.

At test time, given I, instruction 7", and a user-drawn trace 7, we construct I = I @ 7 and generate the

next-step action tokens a = (ay, ..., ap) autoregressively:
D
+ +
p(a | I 7T) = l_[p(ak | I >T7 a<k)' (2.5)
k=1

By conditioning directly on the overlaid trace, the model executes closed-loop control that follows the user’s
sketch. Repeating this at each timestep yields precise, interactive steering that is both scalable and robust to

out-of-distribution phrasing.
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2.4 Data Curation and Generation

MOLMOACT is trained on a diverse set of datasets. During pre-training, MOLMOACT is trained on multimodal
web data, auxiliary robot data, and action reasoning data. Furthermore, we collected and trained with the

MOLMOACT DATASET for the mid-training stage. Below, we describe each dataset and its collection process.

2.4.1 Action Reasoning Data

As discussed in Section 2.3.3, MOLMOACT frames visuomotor control as an autoregressive sequence
modeling problem augmented with an action chain-of-thought (CoT). This formulation allows us to convert
any conventional robot action dataset into action reasoning data by appending predicted depth perception
tokens and visual reasoning traces to action tokens, conditioned on both language and robot observations.
This section details the process for generating ground-truth labels for the depth perception tokens and visual
reasoning traces, and explains how these are combined with action labels to train MOLMOACT.

A robot episode typically consists of a sequence of timesteps, where each timestep is a tuple (1,7, a);,
containing an RGB observation image I, a language instruction 7', and a ground-truth action a, specified
either in end-effector space or joint space. To convert any robot data into the action reasoning data format, we
generate ground-truth depth perception tokens and visual reasoning traces for each timestep in the episode.
We explain the details for generating ground-truth labels for depth perception tokens and visual reasoning

traces below.

Depth Perception Tokens. To generate depth perception tokens for each frame of a demonstration, we
first train a VQVAE on 10 million depth maps of tabletop manipulation images collected from the RT-1,
BridgeData V2, and BC-Z datasets. We use DepthAnything-v2 to obtain a depth map for each observation
RGB image. The VQVAE is trained with a standard reconstruction objective to minimize reconstruction loss
between input RGB images and their corresponding depth maps for 20 epochs. Once the VQVAE has been
trained, we encode each observation image with the VQVAE to get its latent embedding. We then represent
the latent embedding with a learned codebook of 128 dimensions based on a one-to-one index-to-depth-token
mapping. Note that all images are resized to 320 X 320 px during training and inference to enforce the

representation of 100 tokens per image. This allows us to express the depth map of each observation image
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as a tokenized string of 100 tokens, which we use as ground-truth labels for our depth perception tokens.

Visual Reasoning Trace. To generate a visual reasoning trace for each frame of a demonstration, we
employ Molmo, a vision—language model trained on diverse 2D pointing datasets, for data generation akin to
synthetic data generation in NLP. For each timestep ¢, we extract the pixel coordinates (u;, v;) of the robot’s
gripper, and aggregate these across the episode to obtain a visual reasoning trace. For each observation frame,
we prompt Molmo with the instruction “point to the robot gripper” for single-arm robots or
“point to the robot gripper on the left/right” for bimanual embodiments. Molmo
returns a 2D coordinate (x;,y;) € R? with (z4,9,) € [0,100], corresponding to the predicted gripper
location in image space. We rescale the coordinate values so that (u;, v;) € 7? and (ug,vy) €0,255]. We
then apply this query at every timestep in the episode, resulting in one gripper location per frame. Linking
these predictions sequentially yields the full trajectory 7. In the case of bimanual robots, two separate
prompts are issued per frame to obtain 7, and Ty for the left and right grippers, respectively. At each
timestep ¢, we construct a visual reasoning trace by selecting a subsequence from ¢ to the episode end e.
This includes the current point (u;, v, ), the final point (., v ), and up to three intermediate points spaced
uniformly between them. If fewer than three intermediate points are available (i.e., e — t < 4), we include all
available points. If £ = e, the trace contains only one point. This yields a visual reasoning trace between 1

and 5 points representing the future motion of the end-effector.

Auxiliary Robot Data. To strengthen MOLMOACT’s ability to reason in space, we extend the same data
generation pipeline used for depth perception tokens and visual reasoning traces to curate three auxiliary
supervision datasets: (i) Auxiliary Depth Data—given an RGB observation and language instruction, the
model only predicts the target depth perception token sequence; (ii) Auxiliary Trace Data—given an RGB
observation and language instruction, the model only predicts the corresponding visual reasoning trace;
and (iii) Trajectory-Conditioned Action Data—given o, = (I, T, T),, where I is the current image, T the
instruction, and 7 = (p1, ..., pr) the ground-truth visual reasoning trace, the model predicts the next action
by taking the language 7" and the trace-overlaid image [ " = ] ® 7. Note that we curate the trajectory-
conditioned action data mainly for enabling the steerability feature of MOLMOACT.

Once we generate the ground-truth label for each frame, we construct the action reasoning dataset
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by sequentially aligning the ground-truth depth perception tokens, visual reasoning trace, and action for

instruction tuning. We also use the same data generation approach to obtain auxiliary robot data.

2.4.2 MolmoAct Dataset

We curated the MOLMOACT DATASET to improve the model’s general manipulation performance and
spatial reasoning in real household environments. The dataset contains 10,689 high-quality trajectories of a
single-arm Franka robot performing 93 unique manipulation tasks in both home and tabletop environments as
shown in Figure 2.4. The average length of each trajectory spans 112 timesteps. Data collection spanned two
months and involved five full-time operators following strict protocols. The MOLMOACT DATASET includes

manipulation data from two primary settings: home environments and tabletops.

* Home Environment Data. To collect diverse home environment data, we mounted a single-arm
Franka robot on a lightweight, mobile platform similar to DROID [Khazatsky et al., 2024], enabling
us to transport the robot and capture scenes across living rooms, kitchens, bathrooms, and bedroom:s.
Each task was designed to reflect a specific household chore. For example, the long-horizon task

99 ¢¢

“clean up the dishes” was decomposed into subtasks such as “put the bowl in the dishwasher,” “put the
fork in the sink,” and “cover the pot.” This decomposition allows the policy to learn individual skill
components in isolation before composing them into more complex behaviors. In total, we collected

7,730 trajectories spanning 73 distinct tasks and 20 verbs across a wide variety of scenes.

» Tabletop Data. We also collected 2,959 tabletop trajectories covering 20 atomic tasks, each performed
with a diverse set of objects to promote robustness and generalization. Each task was decomposed into
atomic motions and reinforced in a simplified tabletop environment. For example, the task “put the
bowl in the dishwasher” consists of a sequence of motions such as opening the dishwasher, grasping
the bowl, flipping it, and placing it inside. We isolated and separately collected data for each atomic

motion—open, pick, flip, put, and close—to build a comprehensive set of motion primitives.
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Table 2.1: SimplerEnv evaluation across different policies on Google Robot tasks. The zero-shot and
fine-tuning results denote performance of OXE-dataset-pretrained models [O’Neill et al., 2024] and RT-1-
dataset-fine-tuned models [Brohan et al., 2022], respectively.

Visual Matching Variant Aggregation

Model Pick Coke Can  Move Near  Open/Close Drawer Avg Pick Coke Can  Move Near  Open/Close Drawer Avg

HPT [Wang et al., 2024a] 56.0% 60.0% 24.0% 46.0% — —

TraceVLA [Zheng et al., 2024a] 28.0% 53.7% 57.0% 42.0% 60.0% 56.4% 31.0% 45.0%
RT-1-X [Brohan et al., 2022] 56.7% 31.7% 59.7% 53.4% 49.0% 32.3% 29.4% 39.6%
RT-2-X [Zitkovich et al., 2023] 78.7% 77.9% 25.0% 60.7% 82.3% 79.2% 35.3% 64.3%
Octo-Base [Team et al., 2024b] 17.0% 4.2% 22.7% 16.8% 0.6% 3.1% 1.1% 1.1%
OpenVLA [Kim et al., 2024] 16.3% 46.2% 35.6% 27.7% 54.5% 47.7% 17.7% 39.8%
RoboVLM (zero-shot) [Liu et al., 2025] 72.7% 66.3% 26.8% 56.3% 68.3% 56.0% 8.5% 46.3%
RoboVLM (fine-tuned) 77.3% 61.7% 43.5% 63.4% 75.6% 60.0% 10.6% 51.3%
Emma-X [Sun et al., 2024] 2.3% 3.3% 18.3% 8.0% 5.3% 7.3% 20.5% 11.0%
Magma [Yang et al., 2025a] 56.0% 65.4% 83.7% 68.4% 53.4% 65.7% 68.8% 62.6%
7o (fine-tuned) [Black et al.] 72.7% 65.3% 38.3% 58.7% 75.2% 63.7% 25.6% 54.8%
7o-FAST (fine-tuned) 75.3% 67.5% 42.9% 61.9% 77.6% 68.2% 31.3% 59.0%
GROOT N1.5 (fine-tuned) [NVIDIA et al., 2025] 69.3% 68.7% 35.8% 52.4% 46.7% 62.9% 17.5% 43.7%
Spatial VLA [Qu et al., 2025] 81.0% 69.6% 59.3% 70.0% 89.5% 71.7% 36.2% 65.8%
MOLMOACT (zero-shot) 71.3% 73.8% 66.5% 70.5% 57.8% 43.8% 76.7% 59.3%
MOLMOACT (fine-tuned) 77.7% 77.1% 60.0% 71.6% 76.1% 61.3% 78.8% 72.1%

2.4.3 Multimodal Web Data

Prior works have shown that co-training VLAs with the data mixture from VLM training leads to more
generalizable policies. These policies are more robust to perturbations such as lighting and background
changes, and can generalize better to unseen environments and objects. We include a mixture of multimodal
web data from Molmo’s supervised fine-tuning stage involving academic datasets (VQA v2.0 [Goyal et al.,
2017], Text VQA [Singh et al., 2019], OK-VQA [Marino et al., 2019], ChartQA [Masry et al., 2022],
DocVQA [Mathew et al., 2021], Infographic VQA [Mathew et al., 2022], AI2D [Kembhavi et al., 2016], A-
OKVQA [Schwenk et al., 2022], AndroidControl [Li et al., 2024c], ScienceQA [Lu et al., 2022], TabMWP [Lu
et al., 2023], ST-VQA [Biten et al., 2019], TallyQA [Acharya et al., 2019], DVQA [Kafle et al., 2018],
FigureQA [Kahou et al., 2017], and PlotQA [Methani et al., 2020]) for general visual skills and PixMo [Deitke
et al., 2024] for fine-grained understanding and pointing. Furthermore, we include LVIS [Gupta et al., 2019],
where the model is asked to predict the bounding box center of instances of a certain category to ground

language to image regions.

2.5 Training Recipe

MOLMOACT is first pre-trained on action reasoning data curated from a subset of the OXE dataset, along
with auxiliary robot data and multimodal web data. To further enhance its capabilities, we mid-train the

model on the MOLMOACT DATASET before post-training it for specific downstream tasks and embodiments.
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In this section, we describe the different data mixtures and training configurations used at each stage of

MOLMOACT’s training, as shown in Figure 2.2.

2.5.1 Pre-training

In the first training stage, MOLMOACT is pre-trained on a mixture of action reasoning data, auxiliary robot
data, and multimodal web data. For all robot data, we use a subset of OXE comprising RT-1, BridgeData V2,
and BC-Z, totaling 10.5M samples, which we convert into action reasoning data using our reasoning-in-space
formulation. We also include auxiliary robot data—auxiliary depth data (1.5M), auxiliary trace data (1.5M),
and trajectory-conditioned action data (10.5M)—and co-train with 2M samples of multimodal web data.
During pre-training, data is sampled at the following rates: RT-1 (20%), BridgeData V2 (12.5%), BC-Z
(7.5%) for both action reasoning and trajectory-conditioned data, 7.5% from the auxiliary depth and trace
data, and 5% from multimodal web data, as shown in Figure 2.3. The whole data mixture used for pre-training
MOLMOACT totals 26.3M samples.

To pre-train MOLMOACT with the data mixture mentioned above, we use 256 H100s to train the model
with 100k gradient steps using a batch size of 512, which takes around 9,728 GPU hours. At each training
step, a batch of data pairs is drawn randomly from the entire data mixture according to the assigned sampling

rates defined above.

2.5.2 Mid-training

Following the initial pre-training stage, we conduct a second stage of mid-training using high-quality
action reasoning data closely aligned with our target domain of household manipulation. Specifically, we
formulate the MOLMOACT DATASET into 1M action reasoning data samples and an additional 1M trajectory-
conditioned action data samples, which we find beneficial for improving overall performance and action
steering. To train on the MOLMOACT DATASET, we convert each sample—consisting of two side-mounted
camera views and one wrist camera view, all sharing the same instruction and ground-truth action—into
two paired-view training examples by pairing each side view with the wrist view. For action reasoning data
preparation (§2.4.1), depth perception tokens and visual reasoning traces are generated only from the side

views, while the wrist view is used solely for providing additional information. We train the model on this
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Table 2.2: LIBERO benchmark success rates across four task categories (Spatial, Object, Goal, and Long-
horizon) along with the average performance. MOLMOACT achieves the highest overall average success
rate of 86.6%, outperforming all autoregressive baselines, with strong performance across all categories,
particularly in long-horizon tasks.

Baseline Spatial Object Goal Long Avg

TraceVLA [Zheng et al., 2024a] 84.6% 852% 751% 54.1% 74.8%
Octo-Base [Team et al., 2024b]  789% 85.7% 84.6% 51.1% 75.1%
OpenVLA [Kim et al., 2024] 84.7% 88.4% T192% 53.7% 76.5%
Spatial VLA [Qu et al., 2025] 88.2% 89.9% 78.6% 55.5% 78.1%
CoT-VLA [Zhao et al., 2025] 87.5% 91.6% 87.6% 69.0% 83.9%
NORA-AC [Hung et al., 2025]  85.6% 89.4% 80.0% 63.0% 79.5%
WorldVLA [Cen et al., 2025] 87.6% 96.2% 83.4% 60.0% 79.1%

7o-FAST [Black et al.] 96.4% 96.8% 88.6% 60.2% 85.5%
ThinkAct [Huang et al., 2025] 88.3% 91.4% 87.1% 709% 84.4%
MOLMOACT-7B-D 87.0% 95.4% 87.6% 7T77.2% 86.6%

modified dataset for 50k gradient steps with a batch size of 128, using 128 H100 GPUs over around 2,304

GPU hours.

2.5.3 Post-training

After mid-training, we conduct the final post-training stage to rapidly adapt the model to new tasks and
embodiments. For new tasks, we collect a small set of 30 to 50 tele-operated demonstrations per task, then
generate perception tokens and visual reasoning traces for each timestep. These demonstrations are converted
into action reasoning data and trajectory-conditioned action data, following the same process as mid-training
data curation, with one key difference: we apply action chunking [Zhao et al., 2023] during post-training,
formatting action predictions in fixed-length chunks (N = 8). For each action chunk in all chunks, we
tokenize each of them in the same way as we do for a single action. After grouping them into a list, we train
the model autoregressively to predict all action chunks. We adapt MOLMOACT to post-train on single or
multi-tasks via parameter-efficient LORA fine-tuning. In all evaluations, we fix the LoRA rank at 32 and
alpha at 16 to preserve the model’s pre-trained capabilities. For simulation benchmarks (e.g., LIBERO), we
use a batch size of 128, and for real-world tasks we use 64. The number of gradient steps we train varies by
task. Our post-training data generally consists of a front- or side-view image paired with a wrist-view image,
although some setups provide multiple wrist views (e.g., bimanual scenarios). In all cases, we apply the same

LoRA and training configuration described above.
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2.6 Experimental Evaluation

Our experimental evaluation comprises a broad suite of studies that rigorously benchmark MOLMOACT
against strong baselines. We assess MOLMOACT (with the MOLMOACT-7B-D version) in (i) its pre-training,
“out-of-the-box™ capabilities, (ii) its post-training adaptability across varied tasks, domains, and robotic
embodiments, and (iii) its additional feature of being an interactive and steerable action reasoning model. By
testing the model on a comprehensive range of scenarios, both in simulation and the real world, we aim to

answer the following research questions:

* In-distribution performance. How well does MOLMOACT perform, after pre-training, on tasks drawn
from the same distribution as its training data? We benchmark MOLMOACT against strong VLA

models on the SimplerEnv simulation benchmark [Li et al., 2024e].

* Post-training adaptation. How effectively does MOLMOACT adapt to novel tasks, domains, and
embodiments through lightweight fine-tuning? We fine-tune MOLMOACT with LoRA [Hu et al., 2022],
evaluate it on the LIBERO simulation suite [Liu et al., 2023a], and validate its real-world performance

on single-arm and bimanual Franka platforms.

* Out-of-distribution generalization. How effectively does MOLMOACT generalize beyond its training
distribution? We study this through real-world OOD evaluations and variant-aggregation experiments

in SimplerEnv.

* Effect of mid-training. How does mid-training on MOLMOACT DATASET improve MOLMOACT’s
generalist performance? We answer this through real-world ablations comparing MOLMOACT with

and without mid-training on MOLMOACT DATASET.

» Language following. How effectively does MOLMOACT follow language commands? We benchmark
MOLMOACT against strong baselines in an open-ended simulation setup where human evaluators

provide free-form prompts and assess the resulting actions.

 Steerability and interaction. How steerable is MOLMOACT, and how can this steerability enhance
user interaction? We perform real-world ablations by guiding MOLMOACT with sketched trajectory

cues, analyzing its responses, and examining the resulting human-robot interaction dynamics.
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Figure 2.5: Real-world evaluation of OpenVLA, 7y-FAST, and MOLMOACT on single-arm (left) and
bimanual (right) Franka tasks. Bar plots report average task progression with standard error across 25 trials
per task. MOLMOACT consistently outperforms baselines, particularly on single-arm tasks such as Wipe
Table and Table Bussing, and maintains strong performance on bimanual tasks including Fold Towel and Set
Table. The bottom row shows example task setups with corresponding natural language instructions.

2.6.1 MOLMOACT After Pre-training

Evaluation Setup and Baselines. We first evaluated MOLMOACT’s zero-shot capability—its ability
immediately after pre-training and before any task-specific fine-tuning. Unlike 7 [Black et al.], GROOT
N1.5 [NVIDIA et al., 2025], and other proprietary VLA models that rely on large-scale private robot datasets
and the full OXE dataset for pre-training, MOLMOACT was trained exclusively on curated action reasoning
data filtered from a subset of OXE (specifically BC-Z [Jang et al., 2022a], BridgeData V2 [Walke et al., 2023],
and RT-1 [Brohan et al., 2022]), combined with multimodal web data and auxiliary robot data, as detailed
in §2.5.1. This amounts to approximately 26.3M samples—an order of magnitude smaller than 7y, which
uses at least 903M samples for pre-training. To evaluate MOLMOACT’s out-of-the-box generalization, we
used the SimplerEnv benchmark, which features both visual-matching and variant-aggregation tasks across
WidowX and Google Robot platforms. As MOLMOACT’s pre-training distribution is most aligned with the
Google Robot visual-matching tasks, we focused our evaluation on this suite to best isolate in-distribution

performance and capabilities of pre-training.

We compared MOLMOACT-7B-D-PRETRAIN against a set of generalist policies, including TraceVLA [Zheng

56



et al., 2024a], RT-1X [Brohan et al., 2022], OpenVLA [Kim et al., 2024], RoboVLM [Liu et al., 2025],
Emma-X [Sun et al., 2024], my and my-FAST [Black et al.], Octo [Team et al., 2024b], Magma [Yang
et al., 2025a], HPT [Wang et al., 2024a], Spatial VLA [Qu et al., 2025], and GROOT N1.5 [NVIDIA et al.,
2025]. Most baselines were evaluated in the zero-shot setting, with a subset also tested after fine-tuning. We
additionally fine-tuned MOLMOACT-7B-D-PRETRAIN on the RT-1 subset of OXE to assess its capacity

when given more pre-training data.

Evaluation Results. MOLMOACT-7B-D-PRETRAIN achieved strong zero-shot performance on the Sim-
plerEnv visual-matching suite, reaching 70.5% success rate and outperforming baselines such as GROOT
N1.5, mg, mp-FAST, and Magma. With fine-tuning on the same RT-1 subset of OXE, MOLMOACT-7B-D im-
proved to 71.6%, exceeding Magma by 3.2%, as shown in Table 2.1. These results indicate that MOLMOACT

is both an effective zero-shot generalist and a strong initialization for fine-tuned deployment.

2.6.2 Fast Adaptation of MOLMOACT in Post-training

Evaluation Setups and Baselines. We evaluate MOLMOACT in both simulation and real-world settings
to assess its fast adaptation after post-training. In simulation, we evaluate on the LIBERO simulation
benchmark [Liu et al., 2023a], which consists of a Franka Emika Panda arm in simulation with demonstrations
containing front and wrist view camera images (256 X 256 px), language instructions, and delta end-
effector pose actions. We follow prior work [Kim et al., 2024] and evaluate on four task suites—LIBERO-
Spatial, LIBERO-Object, LIBERO-Goal, and LIBERO-Long—each with 500 demonstrations across 10
tasks. Following Kim et al. [2024], we trained on a modified dataset that filtered out no-op actions and
unsuccessful demonstrations. Moreover, we set action chunk size to K = 8 for evaluation on each task
suite and execute full chunks before redoing action reasoning. We fine-tune MOLMOACT-7B-D using
Low-Rank Adaptation (LoRA) and compare against state-of-the-art generalist autoregressive policies, such as
TraceVLA [Zheng et al., 2024a], OpenVLA [Kim et al., 2024], Spatial VLA [Qu et al., 2025], mo-FAST [Black
et al.], CoT-VLA [Zhao et al., 2025], WorldVLA [Cen et al., 2025], ThinkAct [Huang et al., 2025], and
NORA-AC [Hung et al., 2025].

In the real world, we evaluate MOLMOACT on six tasks across single-arm and bimanual Franka setups.

The single-arm tasks include put_bowl_in_sink,wipe_table, and table_bussing. The biman-

57



Instruction: "Pick up the toy
. . . fish and place it into the basket.”
Line Steerability Evaluation P

1200 [
MolmoAct

Gemini-2.5-Flash

1000 — .-

800

600

Elorating

400

200

MolmoAct Gemini-2.5-Flash GPT-40 HAMSTER

Figure 2.6: Line steerability evaluation across models. Left: Elo ratings show that MOLMOACT achieves
the highest performance, surpassing Gemini-2.5-Flash, GPT-40, and HAMSTER, with error bars indicating
95% confidence interval (CI). Right: Example qualitative results showing predicted visual traces overlaid on
robot camera views.

ual tasks include set_table, 1ift_tray, and fold_towel. For each task, we collected 50 human
tele-operated demonstrations and post-trained both MOLMOACT-7B-D and baseline models. We evaluate
task progress over 25 trials per task. This setup enables a comprehensive comparison of adaptation efficiency

across tasks and embodiments.

Evaluation Results. On the LIBERO benchmark, MOLMOACT-7B-D achieves an average success rate
of 86.6%, the highest among all compared methods. It performs particularly well on LIBERO-Long, a
challenging long-horizon suite, where it exceeds the performance of ThinkAct—the second-best method in
this setting—by 6.3%. In the real world, MOLMOACT demonstrates effective fine-tuning and generalization
across different embodiments. It outperforms my-FAST by an average of 10% in task progression on

single-arm tasks and by 22.7% on bimanual tasks, as shown in Figure 2.5.

2.6.3 Effectiveness of MOLMOACT in Out-of-Distribution Generalization

We evaluate MOLMOACT in both simulation and real-world settings to assess its ability to generalize
beyond the training data distribution, both in zero-shot and fine-tuned regimes. In simulation, we follow the

SimplerEnv variant-aggregation protocol, which introduces distribution shifts through changes in lighting,

58



Laﬁguage Instruction Steerabmty Evaluation [Open-endedinstructiun:"PIuttheRed Bullinto the bowl."]

1200 . MolmoAct
I Zero-point

1000 T

[ee}
o
o

OpenVLA

600

Elorating

400

SpatialVLA

200 @

MolmoAct SpatialVLA OpenVLA

Figure 2.7: Language Instruction Evaluation. Left: Elo ratings for three models based on human votes in
a head-to-head instruction-following evaluation. Right: Qualitative comparison of execution traces for the
open-ended instruction ‘“Put the redbull into the bowl.” MOLMOACT aligns more closely with the intended
instruction than other models.

textures, and camera viewpoints. We compare MOLMOACT-7B-D-PRETRAIN and its RT-1 fine-tuned variant
against several state-of-the-art generalist policies: TraceVLA, RT-1X, OpenVLA, RoboVLM, Emma-X,
mo-FAST, and Spatial VLA. For real-world evaluation, we test MOLMOACT-7B-D using a single Franka arm
on a multi-task setup involving three objects and two different-colored plates arranged on a tabletop. We
collect over 300 tele-operated demonstrations spanning three task types, then post-train MOLMOACT-7B-D
and baselines in a multi-task setting. During evaluation, we test generalization in four aspects: (1) Language
Variation—rephrased instructions, (2) Spatial Variation—changes in target object position, (3) Distractors—
addition of irrelevant objects, and (4) Novel Objects—substitution of target objects with unseen ones. We
benchmark MOLMOACT-7B-D against 73-FAST and OpenVLA, testing three variants per task and four

trials per variant.

Evaluation Results. In simulation, fine-tuned MOLMOACT-7B-D-PRETRAIN achieves 72.1% on the
variant-aggregation tasks, as shown in Table 2.1, outperforming all baselines and exceeding the second-best
model, RT-2-X, by 7.8%. The performance difference between variant aggregation and visual matching is
less than 1%, highlighting MOLMOACT’s robustness to visual and distributional shifts. In the real world,
MOLMOACT-7B-D consistently surpasses all baselines across all generalization axes, achieving a 23.3%

average improvement in task progression over my-FAST.
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2.6.4 Effect of the MOLMOACT DATASET on MOLMOACT Performance

Evaluation Setups and Baselines. To assess the effectiveness of mid-training with the MOLMOACT
DATASET, we conducted real-world experiments on three curated tasks that go beyond simple pick-and-place:
close_lid, rotate_pot, and pour_tea. For each task, we collected 50 demonstrations and trained
four models: MOLMOACT-7B-D, MOLMOACT-7B-D without mid-training, mo-FAST, and OpenVLA. Each

model was then evaluated over 10 trials per task.

Evaluation Results. MOLMOACT-7B-D outperforms its counterpart without mid-training by an average
margin of 5.5% across the three tasks, demonstrating that mid-training on the MOLMOACT DATASET yields
a consistent performance boost of around 5%. Even without mid-training, MOLMOACT-7B-D-PRETRAIN

surpasses my-FAST and OpenVLA by 14.8% and 10.9%, respectively.

2.6.5 Instruction Following of MOLMOACT

We evaluated MOLMOACT’s ability to follow natural language instructions in two settings: (i) executing tasks
with open-ended commands in simulation, and (ii) generating visual traces conditioned on language prompts.
For the first one, we curated five manipulation scenarios in the SimplerEnv environment using a Google
Robot, each involving novel out-of-distribution objects. Ten participants provided 29 open-ended instructions
(e.g., “Put the redbull into the bowl.”). We compared MOLMOACT-7B-D-PRETRAIN to Spatial VLA and
OpenVLA, both pre-trained on the OXE dataset. For each instruction, the models generated rollouts, which
were evaluated in a head-to-head arena-style web interface. Human annotators (n=100) selected which rollout
best matched the instruction. We collected over 1,500 votes, which were converted into Elo ratings (see
Figure 2.7). For visual trace generation, 10 participants wrote 87 language prompts for 30 internet-sourced
images depicting tabletop and mobile manipulation scenarios. MOLMOACT-7B-D-PRETRAIN was evaluated
against Gemini-2.5-Flash, GPT-40, and HAMSTER—a VLM fine-tuned for trace generation. Participants

voted in a similar blind arena interface, resulting in over 1,000 votes.

Evaluation Results. MOLMOACT-7B-D-PRETRAIN achieved the highest Elo rating in the simulation
instruction-following task, outperforming SpatialVLA by 109 points and OpenVLA by an even larger

margin. Pairwise win rates also show MOLMOACT-7B-D-PRETRAIN winning over Spatial VLA in 58%

60



User interjected visual trace

Steerability evaluation on ambiguous language

Open instruction (Pi-0 Fast) 0.13 Model predicted visual trace

Open instruction (MolmoAct) 0.42

Visual trace (MolmoAct) 0.75

{Instruction: "Pick up the bow!."}

0.0 0.2 0.4 0.6 0.8 1.0
Task Progression

Figure 2.8: Steerability evaluation with open instructions and visual traces. Left: Success rates for
different steering modes, showing that MOLMOACT with visual trace steering achieves the highest success
rate (0.75), outperforming its open-instruction variant and 7y-FAST. Right: Example of the “Pick up the
bowl” task: the model-predicted trajectory (yellow) is adjusted via a user-provided steering trajectory (cyan),
resulting in the corrected task completion.

of comparisons and over OpenVLA in 81%. A sample rollout comparison for the instruction “Put the
redbull into the bowl.” is shown on the right in Figure 2.7. In the visual trace task, MOLMOACT-7B-D-
PRETRAIN again outperformed all baselines, achieving significantly higher Elo scores with non-overlapping
95% confidence intervals, demonstrating strong language-grounded generalization in both action execution

and trace generation, as shown in Figure 2.6.

2.6.6 Steerability of MOLMOACT

Evaluation Setups and Baselines. We aim to evaluate MOLMOACT’s ability to steer robot actions,
particularly when initial language instructions are ambiguous. Specifically, we investigate the effectiveness of
different interaction mediums in guiding MOLMOACT toward user-intended targets during task execution. For
this purpose, we set up a pick_up_bowl task, post-training MOLMOACT-7B-D and the baseline model
(mo-FAST) with 100 collected demonstrations, each annotated with two distinct language instructions: one
specifying the clean bowl and the other the dirty bowl, as depicted in Figure 2.8. During evaluation, we first
provide ambiguous instructions such as “pick up (the) bowl,” prompting MOLMOACT-7B-D to predict an
initial trajectory towards one of the bowls. Subsequently, we test two steering methods: visual trace sketches
to visually instruct the model toward the alternative bowl, and open-ended natural language instructions
provided interactively by participants (N = 10) that are different from the ground-truth instruction. For
comparison, we also attempt to steer the actions of my-FAST by changing language instructions at test time.

Each model is evaluated in 15 trials, and the performance is evaluated according to the progression of the
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task.

Evaluation Results. Based on our experiments, we observed that MOLMOACT-7B-D is notably more
steerable via visual trace inputs, achieving a success rate of 75%. Additionally, steering using visual traces
significantly outperforms steering via open-ended natural language instructions by a margin of 33%. Lastly,
we demonstrate that MOLMOACT-7B-D exhibits superior instruction-following capabilities compared to the
baseline model, my-FAST. Specifically, when steering robot actions using open-ended language instructions,
MOLMOACT surpasses mo-FAST by a substantial margin of 29%, highlighting its enhanced instruction-

following capabilities to user commands.

2.7 Conclusion

We introduced MOLMOACT, a family of fully open action reasoning models that integrate perception,
planning, and control by reasoning in space. By combining depth perception tokens, visual reasoning traces,
and action prediction, MOLMOACT produces explainable, spatially coherent behaviors. The behaviors can
be executed directly, or steered via trajectory editing. Our evaluations across simulation and real-world
settings demonstrate that MOLMOACT consistently outperforms strong vision—language—action baselines,
adapts efficiently to novel tasks and embodiments through lightweight fine-tuning, and generalizes robustly
to out-of-distribution conditions. We release all model weights, code, and data, including the MOLMOACT
DATASET, to enable reproducibility and foster community-driven research toward building foundation models

that transform perception into purposeful action through structured reasoning.
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Chapter 3

Temporal Episodic Reasoning: Storing and
Representing Memory for Robotics

Foundation Models

3.1 Introduction

The world in which we live is diverse and constantly changing, encompassing a wide variety of objects,
scenes, and environmental conditions. Consider the seemingly simple task of following a recipe when
cooking: we can seamlessly perform the action of picking up salt and sprinkling it into the pan, recognize salt
even if it comes in different types of containers, and remember whether we have already added salt. Humans
excel in such environments because they can interact with their surroundings to achieve specific goals,
generalize to unseen scenarios, and retain knowledge from past experiences [Smith and Gasser, 2005]. These
abilities—multitask interaction, generalization, and memory—serve as guiding principles for developing

robotic systems capable of operating in similarly complex environments.

Significant progress has been made in robotic manipulation through prior work. Early methods, such
as the Transporter Network [Zeng et al., 2021] and CLIPort [Shridhar et al., 2022], demonstrated effective
2D action-centric manipulation but were limited in their ability to handle spatially complex tasks. More

recent approaches, such as PerAct [Shridhar et al., 2023] and RVT [Goyal et al., 2023], have pushed toward
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Figure 3.1: SAM2Act is a multi-view, language-conditioned behavior cloning policy trained with fewer
demonstrations. Given a language instruction, it can execute high-precision tasks, such as turning the tiny
knob on the lamp. It also generalizes to various environmental variations, such as changes in lighting
conditions. Through further training with our proposed memory architecture, it now evolves into SAM2Act+,
which is capable of solving tasks that require implicit spatial memory—such as remembering where the robot
previously stored the pliers, as depicted in the figure.

Open and close drawer

3D-based manipulation. PerAct employs a multitask transformer that interprets language commands and
predicts keyframe poses, achieving strong results across a variety of tasks. RVT builds on this foundation
by adopting a 2.5D representation, improving training efficiency and inference speed. Its successor, RVT-2,
further enhances performance with a coarse-to-fine strategy, increasing precision for high-accuracy tasks.
Despite these advances, important challenges remain, including improving multitask performance, enhancing
generalization to novel environment configurations, and integrating memory mechanisms for tasks requiring

episodic recall.

In this chapter, we introduce SAM2Act, a multi-view robotics transformer-based policy that enhances
feature representation by integrating multi-resolution upsampling with visual embeddings from large-scale
foundation models. Built on the RVT-2 multi-view transformer, SAM2Act achieves strong multitask success
and generalization. Building on this foundation, we introduce SAM2Act+, which incorporates a memory-
based architecture inspired by SAM2’s approach. Using a memory bank, an encoder, and an attention
mechanism, SAM2Act+ enables episodic recall to solve spatial memory-dependent manipulation tasks. We
evaluate SAM2Act and SAM2Act+ using MemoryBench, a new benchmark suite that tests policies’ spatial
memory capabilities and the ability to retain and recall past actions. SAM2Act+ achieves an average success
rate of 94.3% across all tasks on MemoryBench, outperforming the next highest baseline by a margin of
39.3%. Furthermore, we assess the generalization capabilities of SAM2Act on The Colosseum [Pumacay

et al., 2024], a benchmark designed to test robotic manipulation under various environmental perturbations.
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SAM2Act demonstrates robust performance on The Colosseum with an average decrease of only 4.3%
across all perturbations, highlighting its ability to generalize effectively in diverse and challenging scenarios.
Lastly, our approach outperforms baseline methods in real-world evaluations while exhibiting comparable

generalization and spatial memory capabilities.

In summary, this chapter makes three key contributions. First, we introduce a novel model formulation
that leverages visual foundation models to solve high-precision, memory-dependent manipulation tasks.
Second, we propose MemoryBench, an evaluation benchmark for assessing spatial memory in behavior
cloning models. Finally, we present empirical results and insights on the model’s performance across both

simulation and real-world tasks.

3.2 Related Work

3.2.1 3D-Based Robotic Transformers for Manipulation

2D-based methods [Zhao et al., 2023; Chi et al., 2023; Zeng et al., 2021; Brohan et al., 2022; Shridhar et al.,
2022] are effective for simple pick-and-place tasks due to fast training, low hardware requirements, and
minimal computational cost. However, they depend on pretrained image encoders and fail in tasks requiring
high precision, robust spatial interaction, or resilience to environmental and camera variations [Pumacay
et al., 2024]. Recent work addresses these limitations with 3D perception. Methods like PolarNet [Chen
et al., 2023], M2T2 [Yuan et al., 2023], and Manipulate-Anything [Duan et al., 2024b] reconstruct point
clouds, while C2F-ARM [James and Abbeel, 2022] and PerAct [Shridhar et al., 2023] use voxel-based
3D representations. Act3D [Gervet et al., 2023] and ChainedDiffuser [Xian et al., 2023] adopt multi-scale
3D features. RVT [Goyal et al., 2023] introduces 2.5D multi-view images for faster training, refined by
RVT-2 [Goyal et al., 2024] with a coarse-to-fine architecture for improved precision. Our work, SAM2Act,
combines RVT-2’s spatial reasoning with enhanced virtual images from the SAM?2 visual encoder, achieving

high precision and generalization across diverse tasks.
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3.2.2 Visual Representations for Robot Learning

Robotics research heavily relies on visual representations from computer vision to process high-dimensional
inputs and improve policy learning. Visual representations are integrated into robot learning through pre-
training [Majumdar et al., 2023; Ma et al., 2022; Nair et al., 2022], co-training [Laskin et al., 2020b; Yarats
et al., 2021; Laskin et al., 2020a; Shang et al., 2024], or frozen encoders [Shah and Kumar, 2021; Wang
et al., 2022a; Zhang et al., 2024a], all of which effectively support policy training. These representations
also enhance invariance, equivariance, and out-of-distribution generalization [Wang et al., 2022b; Pumacay
et al., 2024; Dasari et al., 2023]. Notably, object-centric visual representations (e.g., from SAM) are shown
to be even more useful and relevant for robotic manipulation and control [Shi et al., 2024a; Qian et al.,
2024]. Specifically, SAM-E [Zhang et al., 2024a] demonstrates the use of a pre-trained SAM encoder for
robotic manipulation by leveraging image embeddings for policy learning. Expanding on this, our approach
employs the SAM?2 visual encoder to generate image embeddings for robotic transformers and utilizes its

multi-resolution features to improve convex upsampling for next-action prediction.

3.2.3 Memory in Robotics

Memory is a fundamental component of human cognition, and equipping generalist robotic agents with
episodic and semantic memory is crucial for enabling them to perform complex tasks effectively [Jockel et al.,
2008]. Early research on memory in robotics primarily addressed navigation tasks, relying on semantic maps
that were often constrained in scope [Henry et al., 2012; Bowman et al., 2017; Chaplot et al., 2020]. Other
work explicitly models the memory and its representation for a robot cognitive architecture [Peller-Konrad
et al., 2023]. Recent advancements leverage representations derived from vision—language models (VLMs)
and large vision models (LVMs), utilizing voxel maps or neural feature fields to encode, store, and retrieve
information [Huang et al., 2024a, 2023; Duan et al., 2024b; Liu et al., 2024c]. Alternative methods represent
semantic memory for manipulation tasks using Gaussian splats to encode spatial information [Kerbl et al.,
2023; Shorinwa et al., 2024]. Recent work [Huang et al., 2024c] employs transformer-based relational memory
on partial-view point clouds—augmented with object discovery and tracking—to robustly handle occlusions,
novel and reappearing objects, and diverse distractors, outperforming implicit-memory baselines in both

simulation and real-world experiments. In contrast, our approach draws inspiration from the framework
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MemoryBench
(b) Put Block Back (c) Rearrange Blocks
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blue button the block in front of it twice

Figure 3.2: Simulation and real tasks. We demonstrate the effectiveness of SAM2Act+ in solving memory-
based tasks by evaluating it against baselines on the three benchmark memory tasks (top). Additionally, we
validate our approach using a Franka Panda robot on four real-world tasks (bottom), including tests under
out-of-distribution perturbations.

of Partially Observable Markov Decision Processes (POMDPs) [Lauri et al., 2022], incorporating memory
directly into the training process. By integrating spatial memory from past actions into the agent’s belief

state, we enhance the robustness and adaptability of learned policies.

3.3 MemoryBench: A Memory Benchmark for Robotic Manipulation

We introduce MemoryBench, a benchmark designed to systematically evaluate the spatial memory capabili-
ties of robotic manipulation policies. In §3.3.1, we begin by outlining the logic and rules behind task design.

We then describe the tasks we have developed in §3.3.2.
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3.3.1 Task Design

Unlike standard RLBench tasks [James et al., 2020], many of which involve long-horizon scenarios, our tasks
are specifically designed to require spatial memory. Without such memory, the agent would be forced to rely
on random actions. To create these tasks, we intentionally violate the Markov assumption, which states that
in a Markov Decision Process (MDP), the next observation depends solely on the current observation and

action:

Plog | or,a1,...,00,ar) = Plogsy | o, a). (3.1

This assumption implies that knowing only o; and a; is sufficient to predict o,+1. However, in our tasks, we
design scenarios where two distinct action histories lead to the same observation o, but require different
subsequent actions. This forces the agent to recall which action history led to o; to perform the correct next
action. Furthermore, we standardized the language instructions to prevent unintentional leakage of spatial
information that could aid the model in memory-based tasks. These principles guided the development of our

spatial memory-based tasks.

3.3.2 Spatial Memory-Based Tasks

MemoryBench extends the RLBench simulator to provide scripted demonstrations for three spatial mem-
ory tasks: reopen_drawer, put_block_back, and rearrange_block. Each task is designed to
evaluate a specific aspect of spatial memory and adheres to the principles outlined in §3.3.1. To introduce
complexity, these tasks include two to four variations and additional steps—such as pressing a button mid-
sequence—that disrupt the Markov property. This forces the agent to rely on memory rather than solely on
immediate observations.

The reopen_drawer task evaluates the agent’s ability to recall 3D spatial information along the z-axis.
Initially, one of three drawers (top, middle, or bottom) is open. The agent must close the open drawer, press a
button on the table, and then reopen the same drawer. After the button is pressed, all drawers are closed, and
the scene becomes visually indistinguishable, requiring the agent to use memory to identify the correct drawer.
This task tests the agent’s ability to recall spatial states over a temporal sequence. The put_block_back

task tests the agent’s ability to remember 2D spatial information on the x—y plane. Four red patches are
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placed on a table, with a block initially positioned on one of them. The agent should move the block to the
center of the patches, press a button, and return the block to its original position. The agent must rely on
its memory of the block’s initial location to succeed, demonstrating its capability to encode and retrieve 2D
spatial information.

The rearrange_block task evaluates the agent’s ability to perform backward reasoning by recalling
and reversing prior actions. Initially, one block is placed on one of two red patches, while the other patch
remains empty. A second block is positioned at the center of both patches. The agent must move the second
block to the empty patch, press a button, and then relocate the first block off its patch. Successfully completing
this task requires the agent to determine which block to move without having interacted with the correct
one in previous actions, thereby testing its capacity for backward spatial memory reasoning. These tasks
collectively evaluate both forward and backward spatial reasoning across 3D (z-axis) and 2D (z—y plane)
spaces. By introducing non-Markovian elements, they emphasize the need for memory representations to

solve complex sequential decision-making problems.

3.4 Method

Our method, SAM2Act, enables precise 3D manipulation with strong generalization across environmental
and object-level variations. Building upon the RVT-2 framework [Goyal et al., 2024], SAM2Act introduces
key architectural innovations that enhance visual feature representation and task-specific reasoning. The
architecture reconstructs a point cloud of the scene, renders it from virtual cameras at orthogonal views,
and employs a two-stage multi-view transformer (coarse-to-fine) to predict action heatmaps. The coarse
branch generates zoom-in heatmaps to localize regions of interest, while the fine branch refines these into
precise action heatmaps. SAM2Act leverages the pre-trained SAM?2 encoder [Ravi et al., 2024] to extract
multi-resolution image embeddings, which are further refined through the multi-resolution upsampling
technique to predict accurate translation heatmaps with minimal information loss. To address tasks requiring
spatial memory, SAM2Act+ extends the SAM2Act architecture by incorporating memory-based components.
These include a Memory Bank, Memory Encoder, and Memory Attention, enabling the model to encode
historical actions and condition current observations. This memory-based policy enhances the agent’s ability

to predict actions based on past contextual information, significantly improving performance in tasks that
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SAM2Act for General Manipulation Tasks
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Figure 3.3: Overview of the SAM2Act (top) and SAM2Act+ (bottom) architectures. The SAM2Act
architecture leverages the SAM?2 image encoder to generate prompt-conditioned, multi-resolution embeddings,
fine-tuned with LoRA for efficient adaptation to manipulation tasks. A multi-view transformer aligns
spatial coordinates with language instructions, while a cascaded multi-resolution upsampling mechanism
refines feature maps and generates accurate translation heatmaps. SAM2Act+ extends this architecture by
incorporating memory-based components, including the Memory Encoder, Memory Attention, and Memory
Bank, into the coarse branch. These components enable memory-driven reasoning by processing historical
heatmaps and integrating prior observations, allowing the agent to predict actions based on stored contextual
information. Observations are reconstructed into point clouds, rendered into three virtual images, and lifted
into 3D translation points, enabling precise spatial reasoning across both architectures.

require sequential decision-making.
In the following sections, we detail the SAM2Act architecture (§3.4.1), including its multi-resolution

upsampling mechanism (Figure 3.4). We also present the SAM2Act+ extension, which integrates memory-

based components for solving spatial memory tasks (§3.4.2).

3.4.1 SAM2Act: Multi-Resolution Upsampling for Enhanced Visual Feature Representation

A distinctive feature of SAM2Act is the incorporation of the SAM2Act module into the manipulation
backbone for training, as illustrated in Figure 3.4. The coarse and fine SAM2Act modules share the same
architecture, with the fine branch generating additional features to predict actions beyond translation, while

the coarse branch focuses exclusively on translation. Point-cloud representations are reconstructed from
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Figure 3.4: SAM2Act module and multi-resolution upsampling mechanism. A cascade of three convex
upsamplers processes feature maps at increasing resolutions, integrating multi-resolution embeddings from the
SAM?2 image encoder through elementwise addition and layer normalization. The upsamplers progressively
refine features, doubling spatial dimensions at each stage, to generate accurate translation heatmaps while
capturing fine-grained spatial details critical for manipulation tasks.
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raw image inputs, and virtual images are generated from three viewpoints using virtual cameras. Instead
of directly inputting these images into the multi-view transformer, their RGB channels are duplicated and
processed by the SAM?2 image encoder [Ravi et al., 2024], which produces object-centric multi-resolution
embeddings. These embeddings, generated at three resolution levels, are combined with virtual images
containing RGB, depth, 3D translation coordinates, and language instructions before being fed into the
multi-view transformer.

To adapt the SAM?2 image encoder to our domain, we fine-tune it using Low-Rank Adaptation (LoRA) [Hu
et al., 2021] with a default rank of 16, which enables domain adaptation with minimal computational cost
while maintaining model efficiency. Additionally, to fully leverage the multi-resolution embeddings produced
by the SAM?2 image encoder, we introduce a multi-resolution upsampling method. This method uses the
embeddings as auxiliary inputs to enhance the generation of translation heatmaps, thereby improving spatial
precision and overall system performance. The multi-resolution upsampling mechanism, also detailed in
Figure 3.4, leverages cascaded convex upsamplers to progressively refine feature maps across resolutions.

BxC'x H' xw

1 l 1
BXCHHXW denote the feature maps at stage [ and E'eR the corresponding

Let X' e R
multi-resolution embedding from SAM2. Also let U(+) denote the upsampling operator that doubles the

spatial dimensions. The feature maps are updated at each stage as follows:

I+

X" = LayerNorm(U(X') @ E'), (3.2)

71



Algorithm 1 Forward Pass of SAM2Act+ Module

1: Initialize: Number of steps /N, maximum number of memories M, number of views V', empty memory
bank @) with V' separate FIFO queues, input X

2: fori=1to N do

3 for j =1toV do

4 Get embeddings &,4,, from MVT T}, (X j)

5 Retrieve past memories M, from Q[ 5]

6: Get memory-conditioned embeddings &,,.,, from Memory Attention T},c,, (Eraw, Moid)

7

8

9

Predict translation heatmap H with upsampler U (&,,,cr, )
Encode new memory M,,.,, using Memory Encoder E,,cn,(H, Eraw)
: Store new memory Q[j] « Q[j5] Y {Mpew}
10: if |Q[j]| = M then

11 Qlj] < Qljlan
12: end if

13: end for

14: end for

where @ represents element-wise addition. The upsampling operator U is defined as:

U RBxClelel - RBX(CZ/Q)X(QHl)X(QWl)' (3.3)
At each stage, the output of the upsampler is combined with the corresponding multi-resolution embedding
E' from the SAM2 encoder, ensuring alignment between the multi-resolution features and the decoder’s
spatial refinement process. A layer normalization step follows each addition to stabilize training and maintain
feature coherence. This results in direct integration of the embeddings into the translation heatmap generation
process. The cascading structure refines features across multiple resolutions, capturing fine-grained spatial

details critical for manipulation tasks.

3.4.2 SAM2Act+: Action Memory Architecture for Improved Spatial Awareness in Past

Observations

To extend the SAM2Act architecture (§3.4.1) with memory-based capabilities inspired by SAM?2, we introduce
SAM?2Act+, a task-specific variant designed for solving memory-based tasks. SAM2Act+ integrates the
three core memory components from SAM2—Memory Attention, Memory Encoder, and Memory Bank—into
the coarse branch of SAM2Act. Originally developed for object tracking in SAM?2, these components are

adapted to align with the needs of SAM2Act+, enabling the agent to retain prior actions and observations
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for sequential decision-making. In SAM?2, the Memory Encoder processes predicted object masks, while
the Memory Attention module fuses image embeddings with positional information from previous frames.
SAM2Act+ adopts a similar structure: the predicted heatmaps, which serve as binary indicators of spatial
positions in the image, function analogously to object masks. This conceptual alignment ensures a seamless
integration of memory mechanisms, allowing the agent to leverage stored information to predict subsequent

actions based on historical context.

Architecture. The SAM2Act+ architecture is illustrated in Figure 3.3. After pretraining SAM2Act in
Stage 1, we freeze the SAM2 image encoder and the multi-view transformer in the coarse branch, as these
components effectively generate robust embeddings for multi-view images in manipulation tasks. We also
freeze the entire fine branch, given its proven ability to predict fine-grained actions accurately. The reason
we only fine-tune the coarse branch is that it focuses on generating heatmaps that provide richer contextual
information for recalling past actions. The fine branch, in contrast, primarily emphasizes small objects or

localized regions, which typically contain less information relevant to memory-based tasks.

Training. To train SAM2Act+, we fine-tune the coarse branch by integrating the three memory components
(and train them from scratch) with the multi-resolution upsampling module. During fine-tuning, consecutive
action keyframes are sampled as input, training the multi-resolution upsampler to predict new translations
conditioned on memory. The memory components function similarly to their implementation in SAM2
for object tracking, with one key distinction: the input to the Memory Encoder. Instead of using image
embeddings from the SAM?2 image encoder, we input feature embeddings generated by the multi-view
transformer (not conditioned on memory). This adaptation ensures that memory encoding incorporates multi-
view information while maintaining independence in handling stored representations. Virtual images are
treated independently during memory encoding and attention, with each view’s memory encoded separately.
Feature embeddings from each view are attended to using their corresponding stored memories, preserving
spatial and contextual alignment while leveraging fused multi-view information. This structured approach
prevents cross-view interference and enhances the model’s ability to reason over sequential tasks. The
memory-based forward pass for SAM2Act+ is outlined in Algorithm 1. By incorporating the memory

mechanism, SAM2Act+ enhances performance in scenarios requiring long-term reasoning, enabling the
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agent to make informed decisions based on historical context.

3.5 Experiments

We study SAM2Act and SAM2Act+ in both simulated and real-world environments. Specifically, we are

interested in answering the following questions:
§3.5.2 How does SAM2Act compare with state-of-the-art 3D manipulation policies?
§3.5.3 Can SAM2Act generalize across object and environmental perturbations?
§3.5.4 Can SAM2Act+ solve spatial memory-based tasks that other baselines cannot?

§3.5.5 How well do SAM2Act and SAM2Act+ perform on real-world tasks?

3.5.1 Experimental Setup

We benchmark SAM2Act in both simulated and real-world environments. The simulated environments
serve as a controlled platform to ensure reproducible and fair comparisons. The real-world experiments

demonstrate the applicability of the method to real-world settings.

Simulation Setup. All simulated experiments were conducted in the CoppeliaSim environment via PyRep,
using a 7-DoF Franka Emika Panda robot in a tabletop setting. Observations were captured from five RGB-D
cameras—front, left shoulder, right shoulder, overhead, and wrist—each at 128 px X 128 px. The robot
receives a keyframe specifying translation and quaternion orientation and utilizes an OMPL-based motion

planner to move to the target pose.

Real-Robot Setup. We validate SAM2Act in real-world scenarios using a Franka Emika Panda robot with
a Robotiq 2F-85 gripper and an exocentric Intel RealSense D455 depth sensor. We study four manipulation
tasks, aligning three with RVT-2 for comparison and introducing a new memory-based task. We use the
software stack as in Grotz et al. [2024]. For each task, we collect 10-15 demonstrations via kinesthetic
teaching and scripted execution with scene and object variations. As shown in Figure 3.2, we evaluate

SAM2Act against RVT-2 for tasks (a)-(c) and SAM2Act+ for the memory task (d). Each task undergoes
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10 in-distribution and 10 out-of-distribution trials, including environmental perturbations, measuring total

Success.

18 RLBench & MemoryBench Tasks. To evaluate the general performance of SAM2Act and the memory
capabilities of SAM2Act+, we conducted simulation experiments on two benchmarks: a subset of 18 tasks
from RLBench and MemoryBench. RLBench is a standard multi-task manipulation benchmark, from
which we selected 18 tasks well-studied in prior work. MemoryBench is a curated set of three tabletop
manipulation tasks in CoppeliaSim that require the trained policy to have both semantic and spatial memory
of past scenes and actions. In both benchmarks, each task is defined by a language instruction with 2—-60
variations (e.g., handling objects, locations, and colors). We collected 100 demonstrations per task for training
and held out 25 unseen demonstrations per task for testing. All policies are evaluated four times to obtain

standard deviations.

3D Baselines. We benchmark SAM2Act and SAM2Act+ against the current state-of-the-art 3D next-best-
pose prediction model, RVT-2. RVT-2 is a multi-view robotics transformer that leverages a coarse-to-fine
approach on the constructed point cloud to predict the next best action heatmap. We also compare with

RVT [Goyal et al., 2023], PerAct [Shridhar et al., 2023], and SAM-E [Zhang et al., 2024a].

3.5.2 Performance Across 18 RLBench Tasks

Table 3.1 compares SAM2Act with prior keyframe-based 3D BC methods on the RLBench benchmark.
Overall, SAM2Act achieves an average success rate of 86.8% + 0.5, surpassing the previous best (RVT-2) by
5.4%. A closer look at individual tasks reveals that SAM2Act ranks first in 9 out of 18 tasks and remains
highly competitive in 7 others, coming within one successful attempt or 4% of the best performance. These
tasks include Close Jar, Drag Stick, Meat Off Grill, Place Wine, Screw Bulb, Sweep to Dustpan, and Turn
Tap. The largest margin of improvement occurs in Insert Peg, where SAM2Act exceeds RVT-2 by
44% (approximately 2.1X), and in Sort Shape, where it outperforms RVT-2 by 29%. Both tasks require
precise manipulation, underscoring the effectiveness of SAM2Act’s multi-resolution upsampling strategy.
These results establish SAM2Act as a leading policy for complex 3D tasks, highlighting its ability to handle

high-precision manipulations—an area where prior methods have struggled.
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Table 3.1: Multi-task performance on RLBench. We evaluate 18 RLBench tasks [James et al., 2020],
reporting success rates across all tasks among 3D keyframe-based behavior cloning (BC) policies. We
report stats over 4 evaluations for SAM2Act. Our method, SAM2Act, outperforms all baselines, achieving
a significant performance margin of 5.8% over RVT-2 [Goyal et al., 2024], the prior state-of-the-art 3D
keyframe-based BC policy.

Method Avg. Success T Avg. Rank | Close Jar Drag Stick  Insert Peg  Meat off Grill Open Drawer Place Cups Place Wine Push Buttons
PerAct [Shridhar et al., 2023] 49.4%43 4.6 55247 89.6+4.1 56%4.1 70.4£2.0 88.0+5.7 24+32 448+78 92.8£3.0
RVT [Goyal et al., 2023] 629+3.7 3.6 520+25 992+ 1.6 11.2+3.0 88.0%2.5 71.2+£6.9 40£25 91.0+52 100.0 £0.0
RVT-2 [Goyal et al., 2024] 81.4+3.1 1.9 100.0£0.0  99.0+1.7 40.0£0.0 99.0+1.7 740+11.8 38.0+45 95.0+3.3 100.0 £0.0
SAM-E [Zhang et al., 2024a] 70.6£0.7 26 824+3.6  100.0+0.0 184+4.6 952433 952+52 0.0£0.0 94.4+4.6 100.0 £0.0
SAM2Act (Ours) 86.8+0.5 1.8 99.0 +£2.0 99.0 £2.0 84.0+5.7 98.0+£2.3 83.0+6.0 47.0 £ 6.0 93.0+3.8 100.0 + 0.0
Method Put in Cupboard Putin Drawer PutinSafe Screw Bulb Slide Block Sort Shape Stack Blocks ~ Stack Cups  Sweep to Dustpan Turn Tap
PerAct [Shridhar et al., 2023] 280+4.4 51.2+4.7 84.0+3.6 176£2.0 74.0£13.0 16.8+4.7 264+32 24%20 520£0.0 88.0+4.4
RVT [Goyal et al., 2023] 49.6+3.2 88.0+5.7 91.2+3.0 48.0+5.7 81.6+£54 36.0£2.5 28.8+£3.9 264+8.2 720£0.0 93.6+4.1
RVT-2 [Goyal et al., 2024] 66.0+4.5 96.0£0.0 96.0+2.8 88.0+4.9 92.0+2.8 350+7.1 80.0 £2.8 69.0+5.9 100.0 £ 0.0 99.0+1.7
SAM-E [Zhang et al., 2024a] 64.0+2.8 920+£5.7 95.2+33 784+3.6 95.2+1.8 344+6.1 264+4.6 0.0£0.0 100.0 £ 0.0 100.0 £0.0
SAM2Act (Ours) 750+38 99.0 £2.0 98.0+23 89.0£2.0 86.0+£4.0 64.0+4.6 76.0£8.6 78.0 £4.0 99.0£2.0 96.0+5.7

Table 3.2: The Colosseum results. Task-average success rate percentage change for SAM2Act and other
baselines across 13 perturbation factors from The Colosseum, relative to evaluations without perturbations.
Results of 3 evaluations are reported for all models. Our approach, SAM2Act, demonstrates the lowest
average percentage change across all perturbations, with a minimal drop of —4.3 + 3.6%, highlighting its
robustness in handling various environmental and object-level perturbations.

Method Average T MO-Color T RO-Color 1 MO-Texture T RO-Texture 7 MO-Size T RO-Size 1
RVT-2 [Goyal et al., 2024] -19.5+28 -20.7+£1.0 -11.8+£0.8 -13.3+4.6 -11.4+£3.7 -13.2+3.1 -17.7£0.1
SAM2Act (SAM2 — SAM) -20.7+1.2 -26.1+£0.7 -15.7+£29 -15.0+£3.3 -16.5+£6.2 -18.7+1.9 -19.8+1.3
SAM2Act (w/o Multi-res Input) -19.1+45 -15.5+6.4 -13.5+4.6 -20.4£0.5 -16.6 + 6.1 -21.3%£7.5 -126£7.5
SAM2Act (Ours) -4.3+3.6 -1.1+25 -0.7+72 -3.3+24 24.7+6.1 -15.9+5.0 0.9+6.8
Method Light Color T Table Color T  Table Texture T Distractor T Background Texture T  Camera Pose T All Perturbations 1
RVT-2 [Goyal et al., 2024] -15.6+1.3 —-26.5+4.4 -14.6 £ 4.4 -4.9+53 —4.4+4.0 -19.5+28 =779+ 1.7
SAM2Act (SAM2 — SAM) -16.3+1.2 -23.5+5.3 -12.3+3.1 0.6 +£2.9 -54+32 —-20.7+1.2 =79.5+£25
SAM2Act (w/o Multi-res Input) 72136 -18.3+6.1 -175+3.3 -4.6+3.5 -5.7+3.5 -19.1+4.5 —-73.8+2.2
SAM2Act (Ours) 45+44 1.1+£25 -3.7+£5.2 1.7+1.7 -1.5+27 -4.313.6 583144

3.5.3 Semantic Generalization Across Tasks

The results evaluated in §3.5.2 were obtained by training and testing models within the same environment.
However, to truly assess generalization performance, policies must remain robust against both environmental
and object-level perturbations. We therefore trained SAM2Act and the baseline methods on 20 tasks from
The Colosseum benchmark and tested them under 13 different perturbation categories over three runs.
SAM2Act exhibits the smallest performance drop compared to the baselines, with an average decrease
of 4.3% (standard deviation of 3.59%). Notably, it proves particularly robust to environmental perturbations—
such as changes in lighting, table color/texture, the addition of distractors, and even camera pose—while also

maintaining competitive performance under object-level perturbations.
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Table 3.3: Performance on MemoryBench. We report the success rates for the three spatial memory tasks
in MemoryBench. Our method, SAM2Act+, significantly outperforms all baseline methods that lack an
explicit memory mechanism, achieving an average improvement of 37.6% across all three tasks.

Methods / Tasks Avg. Success T (a) Reopen Drawer  (b) Put Block Back  (c) Rearrange Block
RVT-2 [Goyal et al., 2024] 54.0 £ 5.3 60.0 =+ 0.0 50.0 =+ 2.3 52.0 =+ 3.3
SAM2Act (Ours) 55.0 £ 24.3 48.0 £ 0.0 35.0 £ 3.8 82.0 £ 2.3
SAM2Act+ (Ours) 94.3 £ 9.0 84.0 £ 0.0 100.0 + 0.0 99.0 + 2.0

3.5.4 Performance on MemoryBench

In Table 3.3, we evaluate SAM2Act+ against the SOTA 3D BC model, RVT-2, on MemoryBench, training
all models in a single-task setting to isolate memory-related challenges (e.g., opening the wrong drawer
rather than unrelated mid-task failures). This setup ensures that performance differences stem from memory
capabilities. For a random agent, the expected success rates are determined by the number of possible choices
per task: 33% for reopen_drawer (three drawers), 25% for put_block_back (four patches), and 50%
for rearrange_block (two blocks). However, variations in task complexity, fixed training data, and
imbalanced task distributions lead to slight deviations from these baselines. Our proposed memory-based
model, SAM2Act+, demonstrates a strong understanding of spatial memory, achieving an average success
rate of 94.3% across all tasks. It outperforms SAM2Act (without memory) by a margin of 39.3% on

MemoryBench, highlighting the significant impact of explicit memory modeling.

3.5.5 Real-Robot Evaluations

Table 3.4 presents our real-world experiment results, where our method achieves a 75% task success rate,
compared to 43% for RVT-2. SAM2Act significantly outperforms the baseline in high-precision tasks
(60% vs. 0%). It excels in memory-based tasks, such as (d) Push the same button, which requires
recalling the button’s previous location. Here, SAM2Act+ achieves 70% success, while RVT-2, relying on
random guessing, scores 40%. We also test models’ generalization against perturbations like lighting changes,

distractors, and position variations.

3.6 Conclusion and Limitations

We introduced SAM2Act, a multi-view, language-conditioned behavior cloning policy for 6-DoF 3D ma-
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Table 3.4: Real-world results. We compare RVT-2 against SAM2Act for the first three tasks and SAM2Act+
on the last real-world task (indicated with *), evaluating performance both in-distribution and out-of-
distribution at test time.

In-Distribution Out-Distribution
Task RVT-2 SAM2Act RVT-2 SAM2Act
(a) Turn on the lamp 0/10 6/10 0/10 6/10
(b) Push button sequence 4/10 9/10 1/10 9/10
(c) Stack cubes 8/10 8/10 3/10 3/10
(d) Push the same button®  4/10 7/10 2/10 6/10

nipulation, enabling high-precision manipulations while generalizing effectively to unseen perturbations.
Building on this foundation, we proposed SAM2Act+, a memory-based multi-view, language-conditioned
robotic-transformer-based policy that equips the agent with spatial memory awareness, allowing it to solve
spatial memory-based tasks. While both SAM2Act and SAM2Act+ achieve state-of-the-art performance
across multiple benchmarks, challenges remain in extending them to dexterous continuous control. Addi-
tionally, SAM2Act+ relies on a fixed memory window length, which differs from task to task, limiting its
adaptability to tasks of varying length. We also examined whether our memory architecture could retain
semantic information (e.g., color), but unfortunately, it appears to be limited to storing spatial information.
Despite these challenges, we believe SAM2Act+ is an important step towards memory-based generalist

manipulation policies.
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Chapter 4

Failure Reasoning: Moving from Binary

Success to Non-Scalar Feedback

4.1 Introduction

In recent years, foundation models have made remarkable progress across various domains, demonstrating
their ability to handle open-world tasks [Driess et al., 2023; Alayrac et al., 2022; Achiam et al., 2023; Zhang
et al., 2023a]. These models, including large language models (LLMs) and vision—language models (VLMs),
have shown proficiency in interpreting and executing human language instructions [Ouyang et al., 2022],
producing accurate predictions and achieving strong task performance. However, despite these advancements,
key challenges remain—particularly with hallucinations, where models generate responses that deviate from
truth. Unlike humans, who can intuitively detect and adjust for such errors, these models often lack the

mechanisms for recognizing their own mistakes [Lin et al., 2021; Chen et al., 2021; Heyman, 2008].

Learning from failure is a fundamental aspect of human intelligence. Whether it is a child learning to
skate or perfecting a swing, the ability to reason over failures is essential for improvement [ Young, 2009;
Gopnik, 2020; Heyman, 2008]. The concept of improvement through failures is widely applied in training
foundation models and is exemplified by techniques such as Reinforcement Learning with Human Feedback
(RLHF) [Ouyang et al., 2022; Christiano et al., 2017], where human oversight and feedback steer models

toward desired outcomes. This feedback loop plays a critical role in aligning generative models with real-

79



[>> VLM Sub-task Verification

VLM detected objec(\
F ]

v
. o M Failure detection and reasoning
. T
. A N
o a ' The robot grasp onto the wrong
q object when it suppose to grasp

. . a- to the top d
Manipulate-Anything Aha-13B onto the top drawer

Improved object detection

Task: "Open the top drawer" n°
\ 9

e ™

[>>VLM Reward Function Generation [> VLM Task-plan Generation

VLM Generated Task-plan
VLM Generated Reward Function Rtial: Ravendetief, .7 floac)
def compute_dense_reward (self, obs: Any sck_cubes_in
, action: torch.Tensor, info: Dict): B 1
t

#Generated Dense Reward Function

reward[info["success"]] = 5.0
return reward

Failure detection and reasoning - ", g Failure detection and reasoning
rL )

. 1 ,The robot gripper moved to the desired « ! i'The robot gripper move the desired

©@ position with an offset along the x- n ©9 position with an offset along the z-
direction when pulling the drawer Baeiae) direction when stacking.
o ‘ Task and Motion
Planning

Task: "Stack the yellow and
green cube in the bowl”

Improved Task-plan
nv‘ed Reward {def gen_plan(initial: Ravendelief, Float)
A’/ .

Figure 4.1: AHA is a Vision-Language Model designed to detect and reason about failures in robotic
manipulation. As an instruction-tuned VLM, it can enhance task performance in robotic applications that

utilize VLMs for reward generation, task planning, or sub-task verification. By incorporating AHA into the
reasoning pipeline, these applications can achieve accelerated and improved performance.

world objectives. However, a crucial question persists: how can we enable these models to autonomously
detect and reason about their own failures, particularly in robotics, where interactions and environments are
stochastic and unpredictable?

This need is particularly pressing in robotics, where foundation models such as VLMs and LLMs are
increasingly used to address open-world tasks. Recent advancements have enabled these models to tackle
spatial reasoning, object recognition, and multimodal problem-solving—skills vital for robotic manipula-
tion [Reid et al., 2024; OpenAl, 2024; Yuan et al., 2024; Chen et al., 2024; Wang et al., 2023c]. VLMs
and LLMs are already being integrated to automate reward generation for reinforcement learning [Ma et al.,

2023, 2024], develop task plans for motion planning [Curtis et al., 2024], and even generate zero-shot robot
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trajectories [Huang et al., 2023, 2024a; Duan et al., 2024b; Huang et al., 2024b]. While these models excel at
task execution, they often face challenges in detecting and reasoning over failures—skills that are crucial for
navigating dynamic and complex environments. For example, if a robot drops an object mid-task, a human
observer would immediately recognize the error and take corrective action. How can we empower robots with
similar capabilities, allowing them not only to perform tasks but also to detect and learn from their mistakes?

To learn from their mistakes, robots must first detect and understand why they failed. In this chapter,
we introduce AHA, an open-source VLM that uses natural language to detect and reason about failures in
robotic manipulation. Unlike prior work that treats failure reasoning as a binary detection problem, we frame
it as a free-form reasoning task, offering deeper insights into failure-mode reasoning. Our model not only
identifies failures but also generates detailed explanations. This approach enables AHA to adapt to various
robots, camera viewpoints, tasks, and environments in both simulated and real-world scenarios. It can also be
integrated into downstream robotic applications leveraging VLMs and LLMs, as shown in Figure 4.1. We

make three major contributions.

1. We introduce FailGen, a data-generation pipeline for the procedural generation of failure-
demonstration data for robotic manipulation tasks across simulators. To instruction-tune AHA, we
developed FailGen, the first automated data-generation pipeline that procedurally creates the AHA dataset—
a large-scale collection of robotic manipulation failures with over 49K image—query pairs across 79 diverse
simulated tasks. Despite being fine-tuned only on the AHA dataset, AHA demonstrates strong generalization
to real-world failure datasets, different robotic systems, and unseen tasks, as evaluated on three separate
datasets not included in the fine-tuning. FailGen is a flexible data-generation pipeline that integrates

seamlessly with various simulators, enabling scalable procedural generation of failure demonstrations.

2. We demonstrate that AHA excels in failure reasoning, generalizing across different embodiments,
unseen environments, and novel tasks, outperforming both open-source and proprietary VLMs. Upon
fine-tuning AHA, we benchmark it against six state-of-the-art VLMs, both open-source and proprietary,
evaluating performance across four metrics on three diverse evaluation datasets, each featuring different
embodiments, tasks, and environments out-of-distribution from the training data. AHA outperforms GPT-40

by more than 20.0% on average across datasets and metrics, and by over 43.0% compared to LLaVA-v1.5-
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Figure 4.2: Overview of the AHA pipeline. (Top) The data generation for AHA is accomplished by taking
a normal task trajectory in simulation and procedurally perturbing all keyframes using our taxonomy of
failure modes. Through FailGen, we systematically alter keyframes to synthesize failure demonstrations
conditioned on the original tasks. Simultaneously, we generate corresponding query and answer prompts for
each task and failure mode, which are used for instruction-tuning. (Bottom) The instruction-tuning pipeline
follows the same fine-tuning procedure as LLaVA-v1.5 [Liu et al., 2023b], where we fine-tune only the LLM
base model—in this case, LLaMA-2-13B—and the projection linear layers, while freezing the image encoder
and tokenizer.

13B [Liu et al., 2023b], the base model from which AHA is derived. This demonstrates AHA’s exceptional

ability to detect and reason about failures in robotic manipulation across embodiment and domains.

3. We show that AHA enhances downstream robotic applications by providing failure-reasoning
feedback. We demonstrate that AHA can be seamlessly integrated into robotic applications that utilize
VLMs and LLMs. By providing failure feedback, AHA improves reward functions through Eureka reflection,
enhances task and motion planning, and verifies sub-task success in zero-shot robotic manipulation. Across
three downstream tasks, our approach achieves an average success rate 21.4% higher than GPT-4 models,
highlighting AHA’s effectiveness in delivering accurate natural-language failure feedback to improve task

performance through error correction.
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4.2 Related Work

AHA enables language reasoning for failure detection in robotic manipulation, enhancing downstream
robotics applications. To provide context, we review progress in (i) failure detection in robotic manipulation,

(i1) data generation in robotics, and (iii) foundation models for robotic manipulation.

4.2.1 Failure Detection in Robotic Manipulation

Failure detection and reasoning have long been studied in the human-robot interaction (HRI) community [Ye
et al., 2019; Khanna et al., 2023] and in works leveraging task and motion planning (TAMP) [Garrett et al.,
2020]. With the recent widespread adoption of LLMs and VLMs in robot manipulation systems—either
for generating reward functions or synthesizing robot trajectories [Ma et al., 2023, 2024] in a zero-shot
manner—the importance of detecting task failures has regained prominence [Huang et al., 2023; Duan et al.,
2024b; Skreta et al., 2024; Ha et al., 2023]. Most modern approaches focus on using off-the-shelf VLMs
or LLMs as success detectors [Ma et al., 2022; Ha et al., 2023; Wang et al., 2023a; Duan et al., 2024b; Dai
et al., 2024], and some employ instruction-tuning of VLMs to detect failures [Du et al., 2023]. Furthermore,
hallucinations often occur in LLMs and VLMs. Methods that leverage these models for failure detection
can mitigate this issue by detecting uncertainty in VLMs, as demonstrated in Zheng et al. [2024b]. However,
these methods are often limited to binary success detection and do not provide language explanations for why
failures occur. Our framework introduces failure reasoning in a new formulation, generating language-based

explanations of failures to aid robotic systems that leverage VLMs and LLMs in downstream tasks.

4.2.2 Data Generation in Robotics

There have been many methods in robotic manipulation that automate data generation of task demonstra-
tions at scale [Mandlekar et al., 2023; Hoque et al., 2024], whether for training behavior-cloning policies,
instruction-tuning VLMs [Yuan et al., 2024], or curating benchmarks for evaluating robotic policies in
simulation [Xie et al., 2024; Pumacay et al., 2024]. A well-known example is MimicGen [Mandlekar et al.,
2023], which automates task-demonstration generation via trajectory adaptation by leveraging known object
poses. Additionally, works like RoboPoint use simulation to generate general-purpose representations for

robotic applications, specifically for fine-tuning VLMs. Similarly, systems like The Colosseum [Pumacay
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et al., 2024] automate data generation for curating benchmarks in robotic manipulation. Our approach
aligns closely with RoboPoint, as we also leverage simulation to generate data for instruction-tuning VLMs.
However, unlike RoboPoint, we focus on synthesizing robotic actions in simulation rather than generating

representations like bounding boxes or points.

4.2.3 Foundation Models for Robotic Manipulation

In recent years, leveraging foundation models for robotic manipulation has gained significant attention due to
the effectiveness of LLMs/VLMs in interpreting open-world semantics and their ability to generalize across
tasks [Duan et al., 2022; Hu et al., 2023; Firoozi et al., 2023; Urain et al., 2024]. Two main approaches have
emerged: the first uses VLMs and LLMs in a promptable manner, where visual prompts guide low-level
action generation based on visual inputs [Liu et al., 2024a; Huang et al., 2024a,b]. The second focuses
on instruction-tuning VLMs for domain-specific tasks [Li et al., 2024d]. For example, RoboPoint [ Yuan
et al., 2024] is tuned for spatial-affordance prediction, and Octopi [Yu et al., 2024] for physical reasoning
using tactile images. These models generalize beyond their training data and integrate seamlessly into
manipulation pipelines. Our approach follows this second path, developing a scalable method for generating
instruction-tuning data in simulation and fine-tuning VLMs specialized in detecting and reasoning about
robotic manipulation failures, with applications that extend beyond manipulation tasks to other robotic

domains.

4.3 The AHA Dataset

We leverage FailGen to procedurally generate the AHA dataset from RLBench tasks [James et al., 2020]
and use it for the instruction-tuning of AHA. In this section, we begin by categorizing common failure modes
in robotic manipulation and defining a taxonomy of failures in §4.3.1. Next, we explain how this taxonomy is

used with FailGen to automate the data generation for the AHA dataset in simulation in §4.3.2.

4.3.1 Failure Modes in Robotic Manipulation

To curate an instruction-tuning dataset of failure trajectories for robotic manipulation tasks, we begin by

systematically identifying prevalent failure modes. Our approach involves a review of existing datasets,
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Table 4.1: AHA datasets for instruction-tuning. We combine the AHA dataset, our large-scale robotic-
manipulation failure dataset, with VQA and object-detection data. By incorporating this diverse data mix
into the fine-tuning process, AHA is able to reason about failures in robotic manipulation across different
domains, embodiments, and tasks.

Source The AHA dataset (Train) VQA [Liu et al., 2023b] LVIS [Gupta et al., 2019]

Quantity 49K 665K 100K

Query For the given sub-tasks, first deter- What is the cat doing in the image?  Find all instances of drawer.
mine whether it has succeeded by

choosing from [“yes,” “no”’] and then
explain why the current sub-task has

failed.
Answer  No, the robot gripper rotated with an  The cat is sticking its head into a vase [ (0.41, (0.42,0.73,0.04, 0.08), .. .]
incorrect roll angle. or container, possibly drinking wa-
ter or investigating the interior of the
item.

including DROID [Khazatsky et al., 2024] and Open-X Embodiment [Padalkar et al., 2023], as well as an
analysis of policy rollouts from behavior-cloning models. We examine failures occurring in both teleoperated
and autonomous policies. Building upon prior works, such as REFLECT [Liu et al., 2023f], we formalize a
taxonomy encompassing seven distinct failure modes commonly observed in robotic manipulation: incomplete
grasp, inadequate grip retention, misaligned keyframe, incorrect rotation, missing rotation, wrong action

sequence, and wrong target object.

Incomplete Grasp (No_Grasp) Failure. No_Grasp is an object-centric failure that occurs when the

gripper reaches the desired grasp pose but fails to close before proceeding to the next keyframe.

Inadequate Grip Retention (S1ip) Failure. S1ip is an object-centric failure that happens after the
object has been successfully grasped. As the gripper moves the object to the next task-specific keyframe, the

grip loosens, causing the object to slip from the gripper.
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Misaligned Keyframe (Translation) Failure. This action-centric failure occurs when the gripper
moves toward a task keyframe, but a translation offset along the X, Y, or Z axis causes the task to fail with

respect to a fixed reference coordinate system.

Incorrect Rotation (Rotation) Failure. Rotation occurs when the gripper reaches the correct position
but rotates to an incorrect angle in roll, pitch, or yaw relative to a fixed reference point. Although it attempts

the rotation, the misalignment due to rotation results in task failure.

Missing Rotation (No_Rotation) Failure. No_Rotation occurs when the gripper reaches the correct
position but fails to perform the necessary rotation in roll, pitch, or yaw. The absence of any rotation when it

is required leads to misalignment and ultimately causes the task to fail.

Wrong Action Sequence (Wrong_ Action) Failure. Wrong_ Action is an action-centric failure that
occurs when the robot executes actions out of order, performing an action keyframe before the correct one.
For example, in the task put_cube_in_drawer, the robot moves the cube toward the drawer before

opening it, leading to task failure.

Wrong Target Object (Wrong_Object) Failure. Wrong_Object is an object-centric failure that
occurs when the robot acts on the wrong target object, not matching the language instruction. For example, in

the task pick_the_red_cup, the gripper picks up the green cup, causing failure.

4.3.2 Implementation of the AHA Dataset

To generate the AHA dataset, we systematically sweep through all keyframes in each RLBench task, con-
sidering all potential configurations of the seven failure modes that could result in overall task failure. By
leveraging the success-condition checker in the simulation, we procedurally generate YAMI-based config-
uration files by sweeping through each failure mode across all keyframes. These files provide details on
potential failure modes, parameters (such as distance, task sequence, gripper-retention strength, etc.), and cor-
responding keyframes that Fai1Gen should perturb to induce failure. Additionally, we incorporate language
templates to describe what the robot is doing between consecutive keyframes. Using these descriptions along

with the failure modes, we systematically curate question—answer pairs for each corresponding failure mode.
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For specific failure modes, No_Grasp is implemented by omitting gripper open/close commands
at the relevant keyframes, effectively disabling gripper control. S1ip introduces a timed release of the
gripper shortly after activation. Translation and Rotation perturb the position and orientation of a
keyframe, respectively, while No_Rotation constrains the keyframe’s rotational axis. Wrong_Action
reorders keyframe activations to simulate incorrect sequencing, and Wrong_ Ob ject reassigns the keyframes
intended for one object to another, maintaining the relative pose to mimic improper object manipulation.
Using this pipeline, we also successfully generate a failure dataset from ManiSkill [Tao et al., 2024] and
adapt RoboFail [Liu et al., 2023f] for the evaluation of AHA. This further demonstrates the generalizability

and versatility of FailGen in generating failure cases across different simulation environments.

4.4 Method

This section outlines the failure-reasoning problem formulation (§4.4.1) used to fine-tune and evaluate AHA.
Next, we discuss the curated data mix used for co-finetuning AHA (§4.4.2). Finally, we detail the instruction

fine-tuning pipeline and the model-architecture selection for AHA (§4.4.3).

4.4.1 Failure Reasoning Formulation

We extend prior work [Skreta et al., 2024; Duan et al., 2024b] by introducing a two-step framework for robot
failure analysis that combines sub-task success detection and failure reasoning. Sub-task success is evaluated
as a binary classification problem (Yes/No), while failure reasoning is performed using vision—language
models (VLMs) to generate natural-language explanations for the causes of failure. This approach allows
for both precise failure detection and interpretability in robot manipulation tasks. Manipulation tasks are
represented as trajectories consisting of a sequence of sub-tasks {Sy, S1, . .., S7}, where each sub-task S; is
defined by two consecutive keyframes (K, K;,1). Each sub-task corresponds to an atomic manipulation
action, such as “grasping a cube” in a stacking task. For each sub-task, the input to the VLM includes a query
prompt and a structured image representation. The query prompt is generated using a template specific to the

sub-task and describes the task context and success condition.
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The image input is represented as a matrix

nXTXHXW xC

IeR , 4.1)
where rows correspond to camera viewpoints {V;, V,...,V,,_1} and columns correspond to temporal
keyframes { Ky, K1, ..., Kp}. To capture the spatiotemporal progression of the task, frames are arranged

in temporal order, and missing keyframes are replaced with white patches. We include several camera
viewpoints to mitigate occlusions and ensure a comprehensive spatial context. This combined representation
enables the VLM to reason over the robot’s trajectory and diagnose failure causes effectively, as demonstrated

in Table 4.1.

4.4.2 Synthetic Data for Instruction-Tuning

To facilitate the instruction-tuning of AHA, we systematically generate failure-demonstration data. To
achieve this, we develop FailGen, an environment wrapper that can be easily applied to any robot-
manipulation simulator. FailGen systematically perturbs successful robot trajectories for manipulation
tasks, transforming them into failure trajectories with various modes of failure as depicted in Figure 4.2
(top). Using FailGen, we curate the AHA (Train) dataset by alternating across 79 different tasks in the
RLBench simulator, resulting in 49K failure image—text pairs. Furthermore, following proper instruction-
tuning protocols for VLMs [Liu et al., 2023b] and building on prior work [Brohan et al., 2023; Yuan et al.,
2024], co-finetuning is crucial to the success of instruction fine-tuning of VLMs. Therefore, in addition
to the AHA dataset, we co-finetune AHA with general visual question-answering (VQA) datasets sourced
from internet data, which helps models retain pre-trained knowledge. Specifically, we include the VQA
dataset [Liu et al., 2023b], containing 665K conversation pairs, and the LVIS dataset [Gupta et al., 2019],
which comprises 100K instances with predicted bounding-box centers and dimensions, as summarized in

Table 4.1.

4.4.3 Instruction Fine-Tuning

We follow the instruction-tuning pipeline outlined by Liu et al. [2023d]. As depicted in Figure 4.2, our model

architecture includes an image encoder, a linear projector, a language tokenizer, and a transformer-based
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language model. The image encoder processes images into tokens, projected by a 2-layer linear projector into
the same space as the language tokens. These multimodal tokens are then concatenated and passed through
the language transformer. All components are initialized with pre-trained weights. During fine-tuning, only
the projector and transformer weights are updated, while the vision encoder and tokenizer remain frozen.
The model operates autoregressively, predicting response tokens and a special token marking the boundary

between instruction and response.

4.4.4 Impact on Downstream Tasks

AHA integrates failure reasoning to address limitations in downstream robotic methods, improving reward
synthesis, decision-making, and feedback efficiency. In reinforcement learning (RL), AHA refines reward
synthesis by analyzing rollouts to provide failure explanations, enabling iterative adjustments to dense reward
functions and improving sample efficiency, as demonstrated in approaches such as Eureka [Ma et al., 2023].
In task and motion planning (TAMP) systems like PRoC3S [Curtis et al., 2024], AHA enhances feedback
loops by interpreting visualizations of failed plans, generating failure explanations, and informing language-
model-based plan refinement. This process improves robustness in long-horizon tasks by addressing semantic
errors overlooked by finite failure checks. In open-ended frameworks like Manipulate-Anything [Duan
et al., 2024b], AHA improves subtask verification by analyzing sequential frames for task progression errors,
reducing failure propagation in zero-shot data generation. These integrations enable systematic reasoning

improvements across RL, TAMP, and data generation, directly enhancing task success and robustness.

4.5 Experimental Results

In this section, we evaluate AHA’s detection and reasoning performance against six state-of-the-art VLMs,
including both open-source and proprietary models, some utilizing in-context learning. The evaluation
spans three diverse datasets, covering out-of-domain tasks, various simulation environments, and cross-
embodiment scenarios. We then assess AHA’s ability to retain general world knowledge after fine-tuning
on domain-specific data. Finally, we explore its potential to improve downstream robotic manipulation

applications.

&9



Table 4.2: Quantitative evaluation on failure detection and reasoning. AHA is evaluated and benchmarked
against three open and three proprietary VLMs and one visual-prompting baseline across three evaluation
datasets. AHA outperforms all other VLMs on every evaluation dataset and nearly every evaluation metric,
with the exception of the AHA (Test) dataset, where GPT-40 exceeds it by less than 3%.

AHA (Test set) ManiSkill-Fail REFLECT
Models ROUGE,, 1 Cos Sim 1 BinSucc(%) T Fuzzy Match T ROUGE,, T Cos Sim 1T BinSucc(%) 1 Fuzzy Match T ROUGE; T Cos Sim T BinSucc(%) 1 Fuzzy Match 1
LLaVA-v1.5-13B [Liu et al., 2023b] 0.061 0.208 0.080 0.648 0.000 0.208 0.022 0.270 0.000 0.203 0.000 0.404
LLaVA-NeXT-34B [Liu et al., 2024b] 0.013 0.231 0.017 0.626 0.001 0.195 0.007 0.277 0.018 0.188 0.017 0.351
Qwen-VL [Bai et al., 2023] 0.000 0.161 0.000 0.426 0.037 0.301 0.116 0.034 0.000 0.159 0.000 0.050
Gemini-1.5 Flash [Reid et al., 2024] 0.120 0.231 0.371 0.566 0.003 0.121 0.014 0.032 0.000 0.042 0.000 0.393
GPT-40 0.251 0.308 0.500 0.784 0.142 0.335 0.688 0.453 0.114 0.318 0.554 0.438
GPT-40-ICL (5-shot) 0.226 0.380 0.611 0.776 0.341 0.429 0.971 0.630 0.236 0.429 0.571 0418
AHA-TB 0.434 0.574 0.691 0.695 0.609 0.680 1.000 0.532 0.204 0.394 0.625 0.439
AHA-13B (Ours) 0.446 0.583 0.702 0.768 0.600 0.681 1.000 0.633 0.280 0.471 0.643 0.465

4.5.1 Experimental Setup

To quantitatively evaluate AHA’s detection and reasoning capabilities for failures in robotic manipulation, we
curate two failure datasets and adapt an existing failure dataset for benchmarking. To ensure a fair comparison
of free-form language reasoning, we also employ four different evaluation metrics to measure semantic

similarity between sentences.

Benchmarks. We curate three datasets to evaluate AHA’s reasoning and failure-detection capabilities,
benchmarking against other state-of-the-art VLMs. The first dataset, AHA (Test), includes 11K image—
question pairs from 10 RLBench tasks, generated similarly to the fine-tuning data via FailGen (§4.3.2)
but without overlapping with the fine-tuning dataset. It evaluates AHA’s ability to generalize to novel,
out-of-domain tasks. The second dataset, ManiSkill-Fail, comprises 130 image—question pairs across four
tasks in ManiSkill [Tao et al., 2024], generated using the Fai 1Gen wrapper on the ManiSkill simulator. This
dataset assesses AHA’s performance in a different simulator and under changing viewpoints. Lastly, we adapt
a failure benchmark from the RoboFail dataset [Liu et al., 2023f], which features real-world robot failures
in seven URS robot tasks, allowing for evaluation across simulation, real-world trajectories, and different

embodiments.

Evaluation Metrics. To fairly evaluate success detection and language reasoning across all datasets and
baselines, we employ four metrics. First, the ROUGE-L score measures the quality of generated text

by focusing on the longest common subsequence between candidate and reference texts. Second, we use
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Figure 4.3: (Left) Scaling law with the AHA dataset. Effect of model performance with varying domain-
specific fine-tuning data. (Right) Downstream robotic application performance. AHA outperforms
GPT-40 in reasoning about failures within these robotic applications, leading to improved performance of the
downstream tasks.

cosine similarity to assess similarity between texts or embeddings, avoiding the “curse of dimensionality.”
Third, LLM fuzzy matching utilizes an external language model—specifically, Anthropic’s unseen model,
claude-3-sonnet—to evaluate semantic similarity in a teacher—student prompting format [Zhou et al.,
2023]. Lastly, we calculate a binary success rate by comparing the model’s predictions directly against the

ground truth for success detection.

4.5.2 Quantitative Experimental Results

We contextualize the performance of AHA by conducting a systematic evaluation of failure reasoning and

detection across these three datasets, general VQA datasets, and ablation studies.

AHA generalizes across embodiments, unseen environments, and novel tasks. To ensure fairness and
eliminate bias in the detection and reasoning capabilities of AHA, we evaluate it on three different datasets
that were never seen during fine-tuning, each designed to test a specific form of generalization. First, on the
AHA (Test) dataset, AHA demonstrates its ability to generalize reasoning across tasks and new behaviors
within the same domain, outperforming the second-best VLM, GPT-40 ICL, by an average margin
of 12.6% across all evaluation metrics. Second, we assess AHA on a dataset generated by the FailGen
wrapper in a different simulation domain, ManiSkill, showing that our model outperforms GPT-40-ICL by
an average of 13.4% across all metrics, as depicted in Table 4.2. Lastly, to demonstrate generalization to
real-world robots and different embodiments, we evaluate AHA on RobokFail [Liu et al., 2023f], where it

outperforms GPT-40-ICL by 4.9%.
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Table 4.3: Quantitative evaluation on standard VQA benchmarks. AHA performs on par with LLaVA-
13B [Liu et al., 2023b], the VLM from which AHA adapts its fine-tuning strategy.

MMBench [Liu et al., 2023e] ~ ScienceQA [Lu et al., 2022]  TextVQA [Singh et al., 2019]  POPE [Liet al., 2023]  VizWiz [Gurari et al., 2018]

LLaVA-13B (LLama-2) [Liu et al., 2023b] 67.70 73.21 67.40 88.00 53.01
AHA-13B (LLama-2) 65.20 71.94 65.20 85.74 53.45
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Figure 4.4: Downstream robotic application. We demonstrate that AHA can be integrated into existing
LLM/VLM-assisted robotic applications to provide failure reasoning and feedback, helping to accelerate and
improve task success rates in these systems.

AHA retains common-sense knowledge. We evaluate AHA’s performance on various VQA benchmarks
and present the results in Table 4.3. AHA performs comparably to LLaVA-v1.5-13B (LLama-2) [Liu
et al., 2023b], with only a 1.5% margin difference. Notably, LLaVA-v1.5-13B is a VLM trained on the same
pre-trained weights as AHA but fine-tuned on VQA data. This indicates that AHA is capable of functioning

as a general-purpose VLM, in addition to excelling at failure reasoning.

AHA’s performance scales with data size. We evaluate AHA’s performance using a range of AHA data
for instruction fine-tuning, spanning {3K, 6K, 12K, 34K, 48K, 60K}, and co-train individual checkpoints
corresponding to these data sizes, as shown in Figure 4.3 (left). The model is then assessed on the ManiSkill-
Fail dataset across four evaluation metrics. An average quadratic fit of 0.0022 across all four metrics
demonstrates a scaling effect with fine-tuning on our procedurally generated data pipeline. This suggests

that further scaling can improve model performance.
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4.5.3 Downstream Robotic Tasks

We demonstrate that AHA’s failure-detection and reasoning capabilities are useful across a wide spectrum of
downstream robotic applications. This includes automatic reward generation for reinforcement-learning ap-
plications [Ma et al., 2023], automatic task-plan generation for task-and-motion-planning applications [Curtis

et al., 2024], and as an improved verification step for automatic data-generation systems [Duan et al., 2024b].

AHA enables efficient reward synthesis for reinforcement learning. To evaluate this downstream task,
we adapt Eureka’s [Ma et al., 2023] implementation to the ManiSkill simulator, which offers more state-
based manipulation tasks. We strictly follow the Eureka reward-function generation and reflection pipeline,
modifying it by incorporating perception failure feedback via either AHA or GPT-4o (acting as a baseline)
to enhance the original LLM reflection mechanism. Instead of only including a textual summary of reward
quality based on policy training statistics for automated reward editing, we further incorporate explanations
of policy failures based on evaluation rollouts. We evaluate our approach on five reinforcement-learning
tasks from ManiSkill, ranging from tabletop to mobile manipulation. To systematically assess the reasoning
capabilities of different VLMs under budget constraints, we sample one reward function initially and allow
for iterations over two sessions of GPT API calls. Each policy is trained using PPO over task-specific training
steps and evaluated across 1,000 test steps. During policy rollouts, we employ either AHA or GPT-4o for
reward reflection to improve the reward function. Comparing the evaluated policy success rates using different
failure-feedback VLMs, we observe that AHA provides intuitive, human-level failure reasoning that aids
in modifying and improving generated dense reward functions. This results in success across all five tasks
within the budget constraints, and our approach outperforms GPT-40 by a significant margin of 22.34% in

task success rate as shown in Figure 4.3 (right).

AHA refines task-plan generation for TAMP. To demonstrate AHA’s utility within a planning system, we
incorporate our approach into PRoC3S [Curtis et al., 2024]. The PRoC3S system solves tasks specified in
natural language by prompting an LLM for a Language-Model Program (LMP) that generates plans, and then
testing a large number of these plans within a simulator before executing valid plans on a robot. If no valid
plan can be found within a certain number of samples (100 in our experiments), the LLM is re-prompted

for a new LMP given failure information provided by the environment. Importantly, as is typical of TAMP
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methods, the original approach checks for a finite set of failures (inverse kinematics, collisions, etc.) from the
environment, and returns any sampled plan that does not fail in any of these ways. We incorporate a VLM
into this pipeline in two ways: (i) we prompt the VLM with visualizations of failed plan executions within the
simulator, ask it to return an explanation for the failure, and feed this back to PRoC3S’ LLM during the LMP
feedback stage; (ii) after PRoC3S returns a valid plan, we provide a visualization of this to the VLM and
ask it to return whether this plan truly achieves the natural-language goal, with replanning triggered if not.
We compare GPT-40 and AHA as the VLM-based failure-reasoning modules within this implementation of
PRoC3S across three tasks (shown in Figure 4.4). Each task is evaluated over 10 trials, with a maximum of
100 sampling steps and three feedback cycles provided by either GPT-40 or AHA. The success rate for each
task is recorded. As shown in Figure 4.3 (right), utilizing AHA for failure reasoning significantly improves

the task success rate, outperforming GPT-40 by a substantial margin of 36.7%.

AHA improves task verification for zero-shot robot data generation. To demonstrate AHA’s utility in
zero-shot robot demonstration generation, we integrate our approach into the Manipulate-Anything
framework. This open-ended system employs various VLMs to generate diverse robot trajectories and
perform a wide range of manipulation tasks without being constrained by predefined actions or scenarios. A
critical component of Manipulate-Anything is its sub-task verification module, which analyzes past
and current frames to decide whether a sub-task has been achieved before proceeding or re-iterating over the
previous sub-task. We replace the original VLM (GPT-4V) in the sub-task verification module with AHA and
evaluate performance across four RLBench tasks (Figure 4.4), conducting 25 episodes for each task. Our
results show that substituting the sub-task verification module’s VLM with AHA improves reasoning

accuracy and overall task success by an average of 5%.

4.6 Conclusion

Limitations. AHA currently outputs language reasoning that is closely aligned with the failure scenarios in
the fine-tuning data. However, there is an opportunity to output more open-ended failures, to cover those
arising from modes outside of the ones included in the failure taxonomy. Additionally, while FailGen

systematically curates failure data from simulations, distilling large pretrained policies to perform diverse
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tasks in simulation and sampling failure modes would allow us to generate more open-ended failure examples,

potentially enhancing the instruction-tuned performance of AHA.

Conclusion. We introduced AHA, an open-source vision—language model that significantly enhances
robots’ ability to detect and reason about manipulation task failures using natural language. By framing
failure detection as a free-form reasoning task, AHA not only identifies failures but also provides detailed
explanations adaptable to various robots, tasks, and environments. Leveraging FailGen and the curated
AHA dataset, we trained AHA on a diverse set of robotic failure trajectories. Our evaluations show that
AHA outperforms existing models across multiple metrics and datasets. When integrated into manipulation
frameworks, its natural-language feedback greatly improves error recovery and policy performance compared
to GPT-4 models. These results demonstrate AHA’s effectiveness in enhancing task performance through

accurate error detection and correction.
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Chapter 5

Conclusion

This thesis began with a simple but stubborn question. Modern foundation models in language and vision
have advanced largely by scaling data and parameters, and the temptation in robotics has been to follow the
same recipe. Yet robot data is not internet data: it is embodied, expensive to collect, and inherently long-tailed
in exactly the situations where robustness matters most. A direct transfer of the scaling recipe is therefore not
just impractical, it is conceptually mismatched. The question this thesis set out to answer was how robots
can learn more from less, generalize beyond the distribution of their training data, and continue to improve
through their own experience, when the path of pure scale is closed off. The argument developed across the
preceding chapters is that reasoning in the loop offers a principled answer. Rather than treating reasoning as a
downstream module bolted onto a perception—action pipeline, this thesis has shown how reasoning can be
threaded directly through the way data is represented, how models are trained, and how policies are refined
during deployment. Structured reasoning over space, over time, and over failure provides supervision and
inductive bias that compensate for the scarcity of embodied data, and that yield robot behaviors which are not
only more capable but also more interpretable, more controllable, and more able to recover from their own

mistakes.

The grand challenge of building robots that operate reliably in the unstructured environments of everyday
human life will not be solved by any single thesis, and certainly not by any single technique. What this
thesis has tried to demonstrate is that a particular conceptual move, treating reasoning as something that

happens inside the loop of perception, action, memory, and failure rather than something applied from
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outside, makes a measurable difference in how much capability and robustness can be extracted from limited
embodied data. Spatial reasoning bridges semantics to action; temporal reasoning extends reactive policies
into coherent agents; failure reasoning turns mistakes into supervision. Together, these directions reframe
robotics foundation models not as scaled-up policies waiting for more data, but as systems that learn through
reasoning. The robots that will eventually share our homes, hospitals, and workplaces will need to understand
what we ask of them, ground that understanding in the physical world, remember what they have done,
recognize when they have erred, and improve themselves through their own experience. The work in this

thesis is one step toward such systems. The path ahead is long, but the loop is, at last, beginning to close.
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Chapter A

Appendix: Bridging Spatial Semantics and

Action in Robotics Foundation Models

A.1 Appendix

A.1.1 Overview

This appendix expands on the chapter with additional details, experiments, and qualitative results. It covers:

* Model architecture details, including the pre-processor, ViT image encoder, vision—-language connector,

LLM backbone, and architectural hyperparameters (§A.1.2).
* Training implementation details, GPU cluster description, and full training hyperparameters (§A.1.3).

 Evaluation details, including the protocols for SimplerEnv, LIBERO, real-world post-training, general-

ization, mid-training ablation, instruction following, and steerability (§A.1.4).

* Data details, including the structure of the MOLMOACT DATASET for both home-environment and

tabletop settings (§A.1.5).

* Randomly selected dataset examples covering action-reasoning data, auxiliary visual reasoning trace,
depth-perception tokens, trajectory-conditioned action data, multimodal web data, the MOLMOACT

DATASET (home and tabletop), and post-training demonstrations (§A.1.6).
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* Limitations and potential solutions (§A.1.7).

A.1.2 Model Details

This section summarizes the MOLMOACT model architecture, which inherits Molmo with slight modification.
The design combines a pre-processor for multi-scale cropping and optional image padding, a ViT image

encoder, a vision—language connector, and an LLM.

Backbone Overview

MOLMOACT has the following parts: Pre-processor: Converts each input image into one low-resolution
crop and multiple high-resolution crops.

ViT image encoder: Encodes each crop independently into patch-level visual features.

Vision-language connector: Pools and projects the patch features into the LLM embedding space.

LLM: Autoregressively processes the resulting vision and text tokens.

From this template, MOLMOACT instantiates a family of models by selecting a vision encoder and an
LLM while keeping the training recipe mainly consistent. Vision encoders include OpenAl ViT-L/14 336px
CLIP and ViT-SO400M/14 384px SigLIP2. LLM backbones include the fully open OLMo-2-1124-7B and the
open-weight Qwen2.5-7B. With the combination of ViT-SO400M/14 384px SigLIP2 with Qwen2.5-7B, we
have MOLMOACT-7B-D, our best and demo model. With the combination of OpenAl ViT-L/14 336px CLIP
with OLMo-2-1124-7B, we have MOLMOACT-7B-0, our most open model. Note that although OpenAl
ViT-L/14 336px CLIP uses closed data, it can be reproduced from scratch, as shown by MetaCLIP [Xu et al.,
2024a].

Image Encoding and Cropping

Most ViTs accept square images at a fixed resolution, which is insufficient for fine-grained details. This
mainly applies to the multimodal web data, as much of the robot data is not high-resolution, and there is
also work [Kim et al., 2024] showing that image resolution does not affect much for robot control. To make
MOLMOACT more general, it still inherits the way Molmo addresses the high-resolution problem by tiling

each image with multiple square high-resolution crops plus a resized low-resolution full image. Cropping
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proceeds as follows.

Grid selection and overlap. A rectangular grid (e.g., 2 X 2, 3 X 1) is chosen so each grid cell matches
the ViT input size. The grid squares are then moved closer together to introduce a fixed overlap margin
(default 4 patches, approximately 56 pixels), which supplies border patches with neighbour context. Features
from overlapping pixels are not forwarded to the connector or LLM, so the resulting tokens exactly tile the
high-resolution image. Although overlap slightly reduces the effective tiled resolution, this can be offset by

using more crops, and empirically improves performance.

Resizing and padding. For the OpenAl CLIP vision encoder, we follow the way Molmo [Deitke et al.,
2024] resizes and pads the image to keep its original aspect ratio before processing. The scheme is the
following. The image is upscaled to fit the grid while preserving aspect ratio, choosing the scale that
minimizes upscaling; ties are broken by minimizing the overall size. A maximum number of high-resolution
crops is enforced. If covering the image would exceed this limit, the image is downscaled to fit. In all cases,
the image is padded with black borders so each crop is square and aligned to the grid. The low-resolution
crop is produced by resizing and padding the full image to the ViT’s native resolution. Each crop is encoded
independently by the ViT and connector to produce patch features. A learned embedding indicating the crop’s
padding status (no padding, some padding, or all padding) is added to the patch features so the model can
distinguish natural black regions from artificial padding.

Note that for the SigLLIP2 vision encoder, we use the standard way to resize all image inputs to a square

image without padding, which follows the original transform in SigLIP2 training.

Vision-Language Connector

After ViT encoding, Molmo aggregates features in two steps: Layer selection and concatenation: Features
from the third-to-last layer for OpenAl CLIP, or the fourth-to-last layer for Sigl.IP2, are concatenated with
features from the tenth-from-last ViT layer for each patch. This slightly outperforms using features from a
single layer, as shown in Molmo [Deitke et al., 2024].

Attention pooling in 2 X 2 windows: Within each 2 X 2 patch window, a multi-headed attention layer

pools the four patch features into a single vector, using the mean-pooled patch feature as the query. This
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reduces sequence length while preserving local spatial structure, and outperforms naive concatenation, as
shown in Molmo [Deitke et al., 2024].

Pooled features are then mapped to the LLM embedding space with a small MLP.

Arranging Vision Tokens

Pooled patch features (vision tokens) are serialized left-to-right and top-to-bottom. Tokens from the low-
resolution full image appear first, followed by high-resolution crop tokens arranged in row-major order.
Special tokens mark the start and end of both the low- and high-resolution sequences. Row-end tokens are

inserted between rows to indicate row transitions.

Multi-Image Inputs

Molmo [Deitke et al., 2024] itself does not provide the capability to take in multi-image inputs. We implement
this in a straightforward way: we process all images to vision tokens in the same way as mentioned above,
then we append index tokens at the beginning of the vision tokens of each image, and we finally concatenate
all images together as the input. The index tokens are just text tokens of “Prefix i”, where i stands for

the i-th image.

Full Hyperparameters

The full hyperparameters of the MOLMOACT architecture are shown in Table A.1. Note that for LoORA

implementation, adapters are applied to all linear layers in the model.

A.1.3 Training Details
Implementation

Our training implementation mainly follows Molmo. We train in PyTorch using Fully Sharded Data Parallel
(FSDP), and use PyTorch’s Scaled Dot-Product Attention (SDPA) attention implementation. For numeric
precision, we enable Automatic Mixed Precision (AMP) with bfloat16 for most operations. As an exception,

we compute layer normalization and Rotary Position Embeddings (RoPE) in fp32.
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With FSDP, each GPU forms a local mini-batch, computes gradients, and then we average the gradients
across devices. When normalizing the loss on each device, we divide the device’s total loss by the global
average number of loss-tokens per example across all devices, rather than by the device-local count. This
avoids a subtle bias that can arise when examples with up-weighting also contain fewer loss-tokens (e.g.,
shorter responses) and happen to co-occur on devices with smaller token counts. Using the global average
corrects this mismatch and is especially important when the global batch is much larger than any single

device batch.

For parameter-efficient fine-tuning, we do not shard LoRA adapter parameters under FSDP. Instead,
each GPU keeps a full copy of the LoRA parameters, and we register a gradient hook on those tensors
to synchronize their gradients across ranks before the optimizer step. Because LoRA adds only a small
fraction of the total parameters, this replication has negligible memory and communication overhead while

simplifying the training setup and avoiding sharding edge cases for the adapters.

Batches mix examples from multiple tasks. We cap the sequence length at 2304 tokens for both pre-
training and fine-tuning, truncating only when necessary (e.g., heavily annotated synthetic data or rare
outliers). Training is stable under this recipe—without loss spikes or NaNs—which we attribute in part to

initializing from pre-trained models.

To enable the model to learn to understand and output depth perception tokens, we follow the training
scheme of LLaVA-AURORA [Bigverdi et al., 2025] by unfreezing the tokenizer embedding and LM head.
For MOLMOACT-7B-D, which uses Qwen2.5-7B, we simply replace the first 130 padding tokens with the
depth perception tokens {{DEPTH_START), (DEPTH_END)} U {(DEPTH_k)}}*5. However, for
MOLMOACT-7B-0, which uses OLMo02-7B, since it has fewer than 130 padding tokens, we first pad the
tokenizer and LM head to its next multiple of 512, then replace the first 130 tokens with our depth perception

tokens in the same way as MOLMOACT-7B-D.

All of our collected data used for the mid- and post-training stages is recorded at 640 X 480 px, which
triggers the high-resolution cropping procedure described in §A.1.2. By contrast, the OXE robot data used for
pre-training has lower resolution, so no high-resolution crop is applied. To match OXE during pre-training,
we downscale our collected images from 640 X 480 to 320 X 240 px while preserving the original aspect

ratio. This alignment also reduces the number of vision tokens and accelerates training.
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Full training hyperparameters and information are shown in Table A.2. Note that for post-training, we
train the model until it fully converges, which is determined by its training loss and evaluation performance.
Therefore, training steps largely vary across different tasks and scenarios. We will show the training details

for post-training in different tasks in later sections.

GPU Cluster

MOLMOACT was trained on Jupiter, an Ai2 GPU cluster in Austin, Texas. MOLMOACT workloads were
scheduled using Beaker [Guerquin, 2022], a custom workload-management system. Jupiter comprises 128

GPU nodes and is operated by Cirrascale Cloud Services' .

Compute. Jupiter provides 1,024 NVIDIA H100 GPUs (80 GB HBM3, 700 W) across 128 servers. Each
server has 2X Intel Xeon Platinum 8468 CPUs, 2 TB DDRS system memory, and 18 TB local NVMe storage.

Storage. The servers are connected over an 800 Gbps local network to a WEKA high-performance storage
cluster”. The storage system provides 1 PB of NVMe SSD across 11 storage servers and 5 PB of HDD
across 12 hosts. Each Jupiter server has two bonded 25 Gbps Mellanox Ethernet NICs (50 Gbps per host). In

benchmarks, we achieved 761 Gbps aggregate read/write throughput using 64 client machines.

Interconnect. Cross-node GPU communication uses RDMA over InfiniBand on a two-tier Rail-Optimized,
balanced, full-bisection network [Wang et al., 2023b]. Each server is equipped with eight 400 Gbps InfiniBand

adapters (3.2 Tbps peak per host), supporting concurrent distributed jobs without topological scheduling.

Cooling. The servers are racked in Dynamic Density Cabinets’. Each cabinet houses five servers with
dedicated cooling and power. Air circulates in a closed loop through an overhead plenum where it is cooled
via heat transfer to water, enabling a datacenter PUE of 1.2. Under heavy utilization, H100 temperatures

peak around 75°C, with typical averages between 60°C and 65°C.

[
cirrascale.com

2 .

weka.io

3. . . .
cirrascale.com/products—-and-services/cabinet-technologies
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Image Encoder

V/L Connector

LLM

Parameter 7B-D 7B-O 7B-D 7B-O 7B-D 7B-0O
Params 383M 278M 121M 75M 7.6B 7.3B
Dim 1152 1024 — — 3584 4096
MLP Dim 4304 4096 37888 22016 37888 22016
Activation GELU GELU SwiGLU SwiGLU SwiGLU SwiGLU
Heads 16 16 16 16 28 32
KV Heads 16 16 — — 4 32
Layers 27 23 — — 28 32
Image Size  384x384 336%336 — — — —
Patch Size 14 14 — — — —
Pool Size — — 2X2 2X2 — —
Pool Dim — — 1152 1024 — —
Pool Heads — — 16 16 — —
Theta — — — — 1M 0.5M
Dropout 0.0 0.0 0.0 0.0 0.1 0.1

Table A.1: MOLMOACT’s Architecture Hyperparameters. We specify all hyperparameter information for

the different model architectures for MOLMOACT-7B-D and MOLMOACT-7B-0O.

Pre-train Mid-train Post-train
Parameter 7B-D 7B-0O 7B-D 7B-0O 7B-D
Warm-up ViT 200 200 200 200 200
Warm-up Conn. 200 200 200 200 200
Warm-up LLM 200 200 200 200 200
LR ViT 1x107° 1x107° 5%107° 5%107° 5x107*
LR Conn. 1x107° 1x107° 5%107° 5%107° 5x107"
LR LLM 2x107° 2x107° 1x107° 1x107° 5x107*
Cosine Decay 10% 10% 10% 10% 10%
Eps. 107° 107° 107° 107° 107°
Betas 0.9/0.95 0.9/0.95 0.9/0.95 0.9/0.95 0.9/0.95
LoRA Rank — — — — 32
LoRA Alpha — — — — 16
LoRA Dropout — — — — 0
LoRA Bias — — — — None
Multi-image Input No No Yes Yes Yes
Steps 100k 100k 50k 50k Varies
Global Batch Size 512 512 256 256 64 (real) or

128 (sim)
GPUs (H100s) 256 256 128 128 32 (real) or
64 (sim)

Time (Hours) 38 32 18 15 Varies
GPU Hours 9728 8192 2304 1920 Varies

Table A.2: MOLMOACT’s Training Hyperparameters. We specify all hyperparameter information for
different training schemes for MOLMOACT-7B-D and MOLMOACT-7B-0O. Note that for MOLMOACT-7B-
D-PRETRAIN, we train the model with 150K steps, but it reaches better performance at 100K steps.
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A.1.4 Evaluation Details
Evaluation on SimplerEnv (Google Robot)

We evaluate on SimplerEnv [Li et al., 2024e] simulation to test MOLMOACT’s out-of-the-box performance
on the Google Robot setup. The simulation evaluation consists of a Google Robot arm, front-view camera
image (640 X 480 px, resized to 320 X 240 px for our case), task language instructions, and delta end-effector

pose actions. SimplerEnv evaluation consists of two components: Visual Matching and Variant Aggregation.

Evaluation on LIBERO

We evaluate on the LIBERO simulation benchmark [Liu et al., 2023a], which consists of a Franka Emika
Panda arm in simulation with demonstrations containing front- and wrist-view camera images (256 X 256 px),
task language instructions, and delta end-effector pose actions. We follow prior works [Kim et al., 2024] and
evaluate on the four task suites—LIBERO-Spatial, LIBERO-Object, LIBERO-Goal, and LIBERO-Long—
each with 500 expert demonstrations across 10 tasks. Following Kim et al. [2024], we trained on a modified
dataset which filtered out no-op actions and unsuccessful demonstrations. Moreover, we set the action chunk
size to K = 8 for evaluation on each task suite and execute full chunks before replanning. We report details

of our post-training hyperparameters for LIBERO in Table A.3.

Evaluation on Real-World Post-Training

To evaluate MOLMOACT’s efficiency in fine-tuning, we curated six tasks: three for a single-arm Franka
setup—put bowl in sink,wipe table,and table bussing—and three for a bimanual Franka
setup—set table, lift tray,and fold towel. We benchmarked against OpenVLA and 7my-FAST
by training each model until convergence. In the single-arm setup, the Franka was mounted on a movable
platform to allow relocation across different positions, whereas the bimanual setup was fixed to a tabletop
configuration. For sensing, we employed an Intel RealSense D405 for the wrist-mounted camera and an Intel
RealSense D435 for the front-facing view. In each efficiency-fine-tuning task evaluation, we pre-marked the
locations of all task objects in the scene to ensure that the evaluation conditions matched the distribution of
the demonstrations used for fine-tuning. We defined the task, its description, the corresponding language

instruction, and the task-progression metric ratings. Refer to the complete results in Tables A.11-A.16.
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LIBERO Task Suite

Parameter Spatial Object Goal Long
Steps 50K 50K 40K 80K
Global Batch Size 128
GPUs (H100s) 64
Time (Hours) 23 23 18 36
GPU Hours 1472 1472 1152 2304
Input Images 1 Third-person + 1 Wrist-mounted
Image Size 256X256 px
DoF 7 (3 Translations + 3 Rotations + 1 Gripper State)
Observation History No (Single-step Inputs)
Use Proprioception No
Action Chunk Size 8 Steps (Predict 8; Execute All 8 Open-loop)
# Trainable Params 97 M LoRA adapter
Image Augmentations import torchvision.transforms as T

transform = T.Compose ([

T.RandomResizedCrop (size=(height, width),
scale=(0.9, 0.9), ratio=(width/height,
width/height)),

T.Resize ((height, width)),

T.ColorJitter (

brightness=0.2,
contrast=(0.8, 1.2),
saturation=(0.8, 1.2),
hue=0.05

)V
1)

Table A.3: MOLMOACT’s Post-training Hyperparameters for LIBERO. We specify the hyperparameters
for MOLMOACT post-training. Note that we conduct all our post-training experiments on MOLMOACT-7B-D,
with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16, LoRA dropout of 0, and no LoRA
bias. Note that for LIBERO-Goal, we train the model with 50K steps, but it reaches better performance at

40K steps.
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put_bowl_in_sink. The robot picks up the orange bowl next to the sink and places it fully inside the
sink. Instruction: Put the bowl into the sink. Progress labels: Grasp the bowl (0.25), move it into the sink

(0.4), open the gripper (0.7), and release the bowl at the target location (1).

wipe_table. The robot grasps the table cloth and moves it across the surface in one direction. Instruction:
Wipe the table. Progress labels: Grasp the towel (0.25), move it in the desired direction (0.5), and complete

the wiping motion (1).

table_bussing. The robot grasps the green tea can and places it into the purple bin. Instruction: Clean
the trash into the bin. Progress labels: Grasp the can (0.25), lift the can (0.5), move it above the bin (0.75),

and release the can into the bin (1).

set_table. The right arm grasps the banana and places it onto the plate, while the left arm grasps the
teapot and pours. Instruction: Set the table. Progress labels: Place the banana on the plate (0.25), grasp the

teapot (0.75), and pour the tea (1).

1lift_tray. The left and right arms approach the tray, grasp it, and lift it together. Instruction: Lift up the
tray. Progress labels: The left arm grasps the tray (0.3), the right arm grasps the tray (0.6), and both arms lift

the tray together (1).

fold_towel. The right arm presses down on the center of the towel, while the left arm grasps the towel
and folds it. Instruction: Fold the towel. Progress labels: Grasp the towel (0.25), move it to the correct
folding location (0.75), and release the towel so that it is folded (1).

We report details of MOLMOACT’s post-training hyperparameters for this evaluation in Table A.6 (single-
arm) and Table A.7 (bimanual). For all other baseline models, we follow their official model and training
implementation and use their default configurations. We also make sure that they are all fully converged.

Image examples of each task are shown in Figure A.1.

Evaluation on Generalization in Real-World

We collected a multi-task set containing the full permutation of the scene: put_green_can_in_yellow_
plate (put the green can into the yellow plate), put _green_can_in_blue_plate (put the green can

into the blue plate), put_red_cup_in_yellow_plate (put the red cup into the yellow plate), put_
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red_cup_in_blue_plate (put the red cup into the blue plate), put_banana_in_yellow_plate
(put the banana into the yellow plate), and put_banana_in_blue_plate (put the banana into the blue
plate). All models are trained on all tasks in a multi-task setting.

We evaluated generalization across four perturbations and one in-distribution setting on three tasks
drawn from the previous multi-task set: put_green_can_in_yellow_plate (put the green can
into the yellow plate), put_red_cup_in_yellow_plate (put the red cup into the yellow plate), and
put_banana_in_blue_plate (put the banana into the blue plate). The perturbations were: (1) Lan-
guage variation—modified instructions to put the green tea into the yellow plate, put the fruit into the blue
plate, and put the red cylinder into the yellow plate; (2) Spatial variation—altered the positions of objects in
each task; (3) Distractors—added unrelated distractor objects to the scene; and (4) Novel objects—replaced

the green can with a sponge, the red cup with a coke can, and the banana with a bowl.

e Task Name: put_<object>_in_ (yellow/blue)_plate
Task Description: The robot first picks up the <object>, then puts it into the yellow/blue plate.
Language Description: Put the <object> into the yellow/blue plate.
Task Progression Score Metrics: Move towards the correct <object> (0.25), pick up the correct

<object> (0.5), move towards the correct plate (0.75), put the correct <object> into the correct plate (1).

We report details of MOLMOACT’s post-training hyperparameters for this evaluation in Table A.8. For
all other baseline models, we follow their official model and training implementation and use their default
configurations. We also make sure that they are all fully converged. The full details of this evaluation are

listed in Table A.17.

Evaluation on the Effect of MOLMOACT DATASET for MOLMOACT Mid-Training

To evaluate the effectiveness of mid-training with the MOLMOACT DATASET, we curated three real-world
tasks: close_1lid, rotate_pot, and pour_tea. For each task, we collected 50 demonstrations and
pre-marked object locations to ensure repeatability in evaluating MOLMOACT, MOLMOACT without the
MOLMOACT DATASET, OpenVLA, and 7(-FAST. We conducted 10 evaluation trials per task for each model.
Refer to the complete results in Table A.18. close_1id

The robot goes to the back of the lid, closes its gripper, and pushes the lid to close.
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Close the lid.

Move the lid towards the closing direction (0.5), close the lid (1).

rotate_pot

The robot goes to a target position near the handle and rotates it by 90 degrees.

Rotate the pot.

Go to the target position of the pot handle (0.3), rotate the pot by 45 degrees (0.6), complete the 90-degree

rotation (1).

pour_tea
The robot grasps the teapot handle and lifts it above the cup to pour.
Pour tea into the cup.
Grasp the teapot (0.5), move the teapot above the cup (0.8), pour tea into the cup (1).

We report details of MOLMOACT’s post-training hyperparameters for this evaluation in Table A.9. For
all other baseline models, we follow their official model and training implementation and use their default
configurations. We also make sure that they are all fully converged. Image examples of each task are shown

in Figure A.2.

Evaluation of MOLMOACT on Instruction-Following

For the evaluation of language-instruction following, we curated five customized scenes using SimplerEnv [Li
et al., 2024e] and asked participants to provide open-ended prompts for each scene. After filtering, we
obtained 29 prompts in total, which were executed by MOLMOACT, OpenVLA, and Spatial VLA for 200
steps to generate robot rollouts. These rollouts were then rated by 100 participants in an arena-style interface.

Images of different scenes are shown in Figure A.3, and language prompts are shown in Table A 4.

Evaluation of MOLMOACT on Action Steerability

We curated the task pick_up_bowl, featuring one dirty and one clean bowl. As shown in Figure 2.8, we
built a web interface that enables users to modify the language instruction or sketch five points on the image
for visual-trace steering at test time, which are then passed to the model to generate actions. We evaluate

task progression for this task based on: correct direction of the target bowl (0.5), grasp onto the correct bowl
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(0.85), lift up the bowl (1).

Unlike the usual straightforward way of collecting tele-operated real-world demonstrations, where we
control the robot to directly complete the task, we collected half of the demonstrations in the regular way
and the other half exploring alternative paths towards the same target conditioned on the language. Thus, in
total, we have 50 demonstrations picking up the dirty bowl, 50 demonstrations picking up the clean bowl, 50
demonstrations picking up the dirty bowl while exploring other paths, and 50 demonstrations picking up the
clean bowl while exploring other paths. We believe that this helps the model to learn more about how visual

traces correlate with physical actions.

During test time, we collected open-ended instructions from 10 participants to steer the robot through
language. We restrict the variation of the open-ended instructions only to verbs, nouns, or adjectives. The

collected and used instructions are shown in Table A.5.

We report details of MOLMOACT’s post-training hyperparameters for this evaluation in Table A.10. For
all other baseline models, we follow their official model and training implementation and use their default

configurations. We also make sure that they are all fully converged. All results are reported in Table A.19.

A.1.5 Data Details

MOLMOACT DATASET

The MOLMOACT DATASET has two external camera views and a single wrist camera view. In the home-
environment data, the camera-view configuration may vary between tasks, whereas for the tabletop data it
remains the same for all tasks. For each task, we first rank the two external camera views based on scene
clarity (i.e., how well the robot and objects are visible) and whether the view is occluded by the robot during
task execution. Based on this ranking, we label them as the primary and secondary camera views. All
home-environment data is recorded at 15 Hz, while all tabletop data is recorded at 20 Hz. The tabletop data
additionally includes extrinsic and intrinsic camera-calibration matrices for both external cameras. We list

details of the tasks we collected for the MOLMOACT DATASET in Tables A.20 and A.21.
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A.1.6 Data Examples

This section includes randomly selected examples from MOLMOACT’s action-reasoning data and multimodal
web data used in pre-training, as well as MOLMOACT DATASET used in mid-training, and demonstrations
collected for post-training. Prompts are shown in bold and visual reasoning traces are annotated with a yellow

line.

* Action Reasoning Data — Figure A.4

* Auxiliary Visual Reasoning Trace — Figure A.5

* Auxiliary Depth Perception Tokens — Figure A.6
* Trajectory-Conditioned Action Data — Figure A.7

* Multimodal Web Data — Figure A.8

MOLMOACT DATASET (Home Environment) — Figure A.9

* MOLMOACT DATASET (Tabletop) — Figure A.10

* Post-Training Single-Arm Franka — Figure A.11

* Post-Training Bimanual Franka — Figure A.12

* Post-Training Rainbow — Figure A.13

A.1.7 Limitations and Potential Solutions

While MOLMOACT is quite capable as a general-purpose action reasoning model, it is not without limitations.

In the following, we discuss some of these limitations and potential solutions.

Camera occlusion of the end-effector. During post-training, MOLMOACT can process multiple camera
views (e.g., front and wrist cameras), but its spatial reasoning primarily relies on the front camera, which
typically provides a full view of the end-effector. This visibility is crucial for accurate visual reasoning trace

prediction. However, if the end-effector is occluded in the front camera’s view, visual-trace prediction—and
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thus overall performance—can degrade. A potential solution is to use a wide-field-of-view camera (e.g., a

fisheye lens) and generate visual traces via SLAM, enabling temporal rather than purely spatial reasoning.

Robustness of steerability via visual traces. Robust action steerability relies on two factors: (i) precise

yet diverse 2D visual traces during pre- and mid-training, and (ii) abundant, high-quality post-training data.

* Trace quality and diversity. For trajectory-conditioned action data, bounding-box-based detectors
(e.g., Detectron) are problematic: predicted points collapse toward box centres, reducing spatial
variation. They also require task-specific fine-tuning to localize robot grippers and transfer poorly
across embodiments. In contrast, VLM-based point annotations (e.g., Molmo [Deitke et al., 2024],

RoboPoint [Yuan et al., 2024]) yield accurate, non-degenerate traces and markedly improve steerability.

» Coverage of action compositions. To achieve steerability in real-world settings, post-training data
should span as many action compositions as possible. Practically, this means inducing the robot to
explore motion variants while still completing tasks, so the model learns rich correspondences between

image-space traces and resulting actions.

MOLMOACT only learns to directly predict actions based on the trace-overlaid image. So when we
steer actions with a 2D visual trace, we are not leveraging the capability of MOLMOACT to perform action
reasoning in space. Thus, we observe that this form of action steering still cannot enable the model to follow
more complicated tasks. In particular, because the cue is purely 2D, the model lacks an explicit notion of
depth: it often follows the intended path within the image plane (in-plane motion) but exhibits unintended or
imprecise translation along the camera’s depth axis (out-of-plane). We hypothesize this could be mitigated by
conditioning on—or reusing—the model’s predicted depth-perception tokens to lift the trace into 3D, which
we leave for future exploration. Despite these limitations, our scheme demonstrates the feasibility of action
steerability based on pure visual cues, and offers a simple, practical insight that the robotics community can

build upon.

Speed of action reasoning model prediction. Similar to many existing VLAs, our model exhibits a
mismatch between its control inference frequency and the control frequency used during data collection. This

gap may stem from server-to-robot communication latency and the additional time required to predict a larger
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number of reasoning tokens. Future work could explore techniques to reduce inference time, as seen in VLM

optimization, or develop smaller-parameter models optimized for efficient execution on edge or local devices.

Precision in depth-perception tokens. For depth-perception token prediction, we follow Bigverdi et al.
[2025] and use a fixed set of 100 tokens to represent depth. However, fine-grained manipulation tasks require
higher-resolution depth estimation. Increasing the number of depth-perception tokens could enhance spatial

reasoning and improve performance on such tasks.
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Single Franka Task

Figure A.1: Examples of single-arm and bimanual tasks. We list the observation breakdown to show how
the robot performs each task.
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Figure A.2: Examples of MOLMOACT DATASET ablation experiments.

Scene 1 Scene 2 Scene 3 Scene 4 Scene 5

Figure A.3: Language-instruction following. These are the customized scenes curated for open-ended
prompting by users.
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Scene

Prompts

Scene 1

Pick up the green cube

Pick up the red cube

Pick up the blue cube

Put the green cube on the blue cube

Put the green cube on the red cube

Put the blue cube onto the red cube

Put the blue cube onto the green cube

Put the red cube onto the green cube

Put the red cube onto the blue cube

Put the green cube onto the blue cube and then the red cube onto the green cube

Move the blue cube next to the green cube

Scene 2

Pick up the apple

Pick up the spoon

Put the apple onto the plate

Put the spoon onto the plate

Put the spoon next to the plate

Move the spoon to the right of the apple

Put the apple onto the plate and move the spoon nearer to the plate
Put the blue cube onto the green cube

Put the red cube onto the green cube

Put the red cube onto the blue cube

Put the green cube onto the blue cube and then the red cube onto the green cube

Scene 3

Put the coke can onto the former president’s image
Put the coke can on the image of Obama

Move the coke can to the image of Taylor Swift

Scene 4

Pick up the cup 143
Pick up the marker
Put the marker into the mug

Pick up the muge by the handle



#  Instruction

1 pick up the orange bowl

2 lift up the dirty bowl

3 pick up the bowl on the left

4 pick up the empty bowl

5  pick up the dirty container

6 pick up the bowl with object inside
7 pick up the left bowl

8  pick up the bowl that is pink

9  pick up the bowl that is pink

10 pick up the bowl further

11 pick up the bowl nearer to the camera
12 pick up the right bowl

13 pick up the bowl without tissue

14 pick up the bowl with tissue

15  pick up the bowl that is dirty

Table A.5: Open-ended language instructions. These are the collected open-ended instructions from
10 participants, where they were only allowed to make changes to verbs, nouns, or adjectives from the
ground-truth instructions (i.e., <verb> the <adj.> <noun.>).
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Task Name

Parameter put_bowl_in_sink wipe_table table_bussing
Steps 9K 7K 5K

Global Batch Size 64

GPUs (H100s) 32

Time (Hours) 5 4 3

GPU Hours 160 128 96
Multi-task Training No

Input Images

Image Size

DoF

Observation History
Use Proprioception
Action Chunk Size

# Trainable Params
Image Augmentations

1 Third-person + 1 Wrist-mounted
640%320 px (Resized to 320x240 px)
7 (3 Translations + 3 Rotations + 1 Gripper State)
No (Single-step Inputs)
No
8 Steps (Naive Action Chunking with Close-loop Prediction)
97M LoRA adapter

import torchvision.transforms as T
transform = T.Compose ([

T.RandomResizedCrop (size=(height, width),

scale=(0.9, 0.9), ratio=(width/height,
width/height)),

T.Resize ((height, width)),

T.ColorJditter (
brightness=0.2,
contrast=(0.8,
saturation= (0.8,
hue=0.05

) 4

1)

1.2),
1.2),

Table A.6: MOLMOACT’s Post-training Hyperparameters for In-distribution Single-arm Tasks. We
specify the hyperparameters for MOLMOACT post-training. Note that we conduct all our post-training
experiments on MOLMOACT-7B-D, with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16,
LoRA dropout of 0, and no LoRA bias.

145



Task Name

Parameter set_table lift_tray fold_towel
Steps 9K 6K 7K
Global Batch Size 64

GPUs (H100s) 32

Time (Hours) 5 3 4

GPU Hours 160 96 128
Multi-task Training No

Input Images

Image Size

DoF

Observation History
Use Proprioception
Action Chunk Size

# Trainable Params
Image Augmentations

1 Third-person + 2 Wrist-mounted
640%320 px (Resized to 320x240 px)
14 (6 Translations + 6 Rotations + 2 Gripper States)
No (Single-step Inputs)
No
8 Steps (Naive Action Chunking with Close-loop Prediction)
97M LoRA adapter

import torchvision.transforms as T
transform = T.Compose ([

T.RandomResizedCrop (size=(height, width),

scale=(0.9, 0.9), ratio=(width/height,
width/height)),

T.Resize ((height, width)),

T.ColorJditter (
brightness=0.2,
contrast=(0.8,
saturation= (0.8,
hue=0.05

) 4

1)

1.2),
1.2),

Table A.7: MOLMOACT’s Post-training Hyperparameters for In-distribution Bimanual Tasks. We
specify the hyperparameters for MOLMOACT post-training. Note that we conduct all our post-training
experiments on MOLMOACT-7B-D, with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16,
LoRA dropout of 0, and no LoRA bias.

146



Task Name

Parameter put_ (green_can/red_cup/banana)_in_ (yellow/blue)_plate
Steps 44K

Global Batch Size 64

GPUs (H100s) 32

Time (Hours) 23

GPU Hours 736

Multi-task Training Yes

Input Images
Image Size
DoF

Observation History

Use Proprioception
Action Chunk Size
# Trainable Params

Image Augmentations

1 Third-person + 1 Wrist-mounted
640%320 px (Resized to 320x240 px)
7 (3 Translations + 3 Rotations + 1 Gripper State)
No (Single-step Inputs)
No
8 Steps (Naive Action Chunking with Close-loop Prediction)
97M LoRA adapter
import torchvision.transforms as T
transform = T.Compose ([
T.RandomResizedCrop (size=(height, width),
scale=(0.9, 0.9), ratio=(width/height,
width/height)),
T.Resize ((height, width)),
T.ColorJditter (
brightness=0.2,
contrast=(0.8, 1.2),
saturation=(0.8, 1.2),
hue=0.05
) 4
1)

Table A.8: MOLMOACT’s Post-training Hyperparameters for Out-of-distribution Single-arm Tasks.
We specify the hyperparameters for MOLMOACT post-training. Note that we conduct all our post-training
experiments on MOLMOACT-7B-D, with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16,
LoRA dropout of 0, and no LoRA bias.
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Task Name

Parameter close_lip rotate_pot pour_tea
Steps 8K 6K 15K
Global Batch Size 64

GPUs (H100s) 32

Time (Hours) 4 3 8
GPU Hours 128 96 256
Multi-task Training No

Input Images

Image Size

DoF

Observation History
Use Proprioception
Action Chunk Size

# Trainable Params
Image Augmentations

1 Third-person + 1 Wrist-mounted
640%320 px (Resized to 320x240 px)
7 (3 Translations + 3 Rotations + 1 Gripper State)
No (Single-step Inputs)
No
8 Steps (Naive Action Chunking with Close-loop Prediction)
97M LoRA adapter

import torchvision.transforms as T
transform = T.Compose ([

T.RandomResizedCrop (size=(height, width),

scale=(0.9, 0.9), ratio=(width/height,
width/height)),

T.Resize ((height, width)),

T.ColorJditter (
brightness=0.2,
contrast=(0.8,
saturation= (0.8,
hue=0.05

) 4

1)

1.2),
1.2),

Table A.9: MOLMOACT’s Post-training Hyperparameters for Evaluation on MOLMOACT DATASET.
We specify the hyperparameters for MOLMOACT post-training. Note that we conduct all our post-training
experiments on MOLMOACT-7B-D, with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16,
LoRA dropout of 0, and no LoRA bias.
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Task Name

Parameter pick_up_bowl
Steps 11K
Global Batch Size 64

GPUs (H100s) 32

Time (Hours) 6

GPU Hours 192
Multi-task Training No

Input Images

Image Size

DoF

Observation History
Use Proprioception
Action Chunk Size

# Trainable Params
Image Augmentations

1 Third-person + 1 Wrist-mounted
640%320 px (Resized to 320x240 px)
7 (3 Translations + 3 Rotations + 1 Gripper State)
No (Single-step Inputs)
No
8 Steps (Naive Action Chunking with Close-loop Prediction)
97M LoRA adapter
import torchvision.transforms as T
transform = T.Compose ([
T.RandomResizedCrop (size=(height, width),
scale=(0.9, 0.9), ratio=(width/height,
width/height)),

T.Resize ((height, width)),

T.ColorJditter (
brightness=0.2,
contrast=(0.8, 1.2),

saturation=(0.8, 1.2),
hue=0.05
)

1)

Table A.10: MOLMOACT’s Post-training Hyperparameters for Steerability Evaluation. We specify the
hyperparameters for MOLMOACT post-training. Note that we conduct all our post-training experiments on
MOLMOACT-7B-D, with a fixed learning rate of Se-4, LoRA rank of 32, LoRA alpha of 16, LoRA dropout
of 0, and no LoRA bias.
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Task Trial MOLMOACT mo-FAST OpenVLA

0 0.25 0.25 0.25

1 1.00 0.50 0.25

2 1.00 0.25 0.25

3 1.00 1.00 0.50

4 1.00 0.25 0.25

5 1.00 0.25 0.25

6 1.00 0.25 1.00

7 1.00 0.25 0.25

8 0.25 0.25 0.25

9 1.00 1.00 0.25

10 1.00 1.00 0.25

11 1.00 1.00 0.25

12 1.00 1.00 0.25

Fold Towel 13 0.75 0.25 0.25
14 0.25 0.25 0.25

15 0.25 0.00 0.25

16 1.00 0.25 0.25

17 1.00 1.00 0.25

18 0.25 0.50 0.25

19 0.75 1.00 0.25

20 0.25 0.25 0.25

21 1.00 0.25 0.25

22 1.00 0.25 0.25

23 1.00 0.75 0.25

24 1.00 1.00 1.00

Average 0.80 0.52 0.32

Table A.11: Detailed per-trial performance for Fold Towel for bimanual tasks. Each row shows the task-
progress score for a specific trial.
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Task Trial MOLMOACT mo-FAST OpenVLA

0 1.00 1.00 1.00

1 1.00 0.00 1.00

2 1.00 0.60 1.00

3 1.00 1.00 1.00

4 1.00 0.60 1.00

5 1.00 0.00 1.00

6 1.00 1.00 1.00

7 1.00 1.00 1.00

8 1.00 1.00 1.00

9 1.00 1.00 1.00

10 1.00 1.00 1.00

11 1.00 1.00 1.00

Lift Tray 12 1.00 1.00 1.00
13 1.00 1.00 1.00

14 1.00 1.00 1.00

15 1.00 0.00 1.00

16 1.00 1.00 1.00

17 1.00 1.00 1.00

18 1.00 0.00 1.00

19 1.00 1.00 1.00

20 1.00 1.00 1.00

21 1.00 0.00 1.00

22 1.00 0.30 1.00

23 1.00 1.00 1.00

24 1.00 1.00 1.00

Average 1.00 0.74 1.00

Table A.12: Detailed per-trial performance for Lift Tray for bimanual tasks. Each row shows the task-progress
score for a specific trial.
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Task Trial MOLMOACT 7o-FAST OpenVLA
0 1.00 0.50 025
I 1.00 0.00 0.25
2 025 0.25 0.00
3 1.00 050 0.00
g 1.00 0.25 0.25
5 1.00 025 075
6 1.00 0.00 025
7 1.00 0.25 0.25
8 075 0.00 025
9 0.25 0.00 1.00
10 1.00 0.25 0.25
11 075 025 025
2 1.00 0.75 0.25

Set up Table 3 075 025 025
14 1.00 0.25 0.25
15 0.25 0.50 1.00
16 0.00 025 025
17 1.00 025 0.25
8 1.00 0.00 025
9 025 050 025
20 1.00 0.00 0.25
21 1.00 050 0.00
2 050 0.00 0.25
23 0.50 0.00 0.25
24 1.00 025 025
Average | 0.77 0.24 0.30

Table A.13: Detailed per-trial performance for Set up Table for bimanual tasks. Each row shows the task-
progress score for a specific trial.
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Task Trial MOLMOACT 7o-FAST OpenVLA

0 1.00 1.00 0.25

1 1.00 1.00 0.25

2 1.00 0.00 0.25

3 0.25 1.00 0.25

4 1.00 1.00 0.25

5 1.00 0.40 0.25

6 1.00 1.00 0.25

7 0.25 0.25 0.25

8 1.00 0.25 0.25

9 0.40 0.40 0.25

10 1.00 1.00 0.25

11 0.25 1.00 0.25

. . 12 1.00 1.00 0.25
Put bowl in the sink 3 700 035 075
14 1.00 0.25 0.25

15 1.00 0.75 0.25

16 1.00 1.00 0.25

17 1.00 1.00 0.25

18 0.25 0.40 0.25

19 1.00 0.75 0.25

20 0.25 0.25 0.25

21 1.00 1.00 0.25

22 1.00 1.00 0.25

23 1.00 1.00 0.25

24 1.00 0.75 0.25

Average | 0.826 0.708 0.25

Table A.14: Detailed per-trial performance for Put bowl in the sink for single-arm tasks. Each row shows the
task-progress score for a specific trial.
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Task Trial MOLMOACT 7o-FAST OpenVLA

0 1.00 1.00 0.25
1 1.00 0.50 0.25
2 1.00 1.00 025
3 1.00 1.00 025
4 1.00 1.00 0.25
5 1.00 1.00 025
6 1.00 0.25 0.25
7 1.00 1.00 0.25
8 1.00 1.00 025
9 1.00 1.00 025
10 1.00 1.00 0.25
11 1.00 1.00 025
. 2 1.00 1.00 0.25
Wipe Table 3 1.00 050 025
14 1.00 1.00 0.25
15 1.00 1.00 0.25
16 1.00 1.00 025
17 1.00 1.00 0.25
18 1.00 1.00 025
19 1.00 1.00 1.00
20 1.00 1.00 0.25
21 1.00 1.00 025
6P 1.00 1.00 0.25
23 1.00 1.00 025
24 1.00 1.00 025

Average | 1.000 0.817 0.265

Table A.15: Detailed per-trial performance for Wipe Table for single-arm tasks. Each row shows the task-
progress score for a specific trial.
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Task Trial MOLMOACT 7o-FAST OpenVLA
0 1.00 1.00 0.50
1 1.00 1.00 1.00
2 0.50 1.00 0.50
3 1.00 0.25 0.50
4 1.00 0.75 0.00
5 0.50 1.00 0.75
6 1.00 0.75 0.50
7 1.00 0.50 0.50
8 1.00 1.00 0.50
9 1.00 1.00 0.75
10 1.00 1.00 0.50
11 1.00 1.00 0.75
12 0.50 0.25 0.25

Clean the table 3 100 100 030
14 0.50 1.00 1.00
15 0.50 1.00 0.75
16 1.00 0.25 0.75
17 1.00 1.00 0.25
18 1.00 1.00 0.25
19 0.50 0.50 0.25
20 0.50 1.00 0.25
21 1.00 1.00 1.00
22 1.00 1.00 0.25
23 1.00 1.00 0.25
24 0.50 1.00 0.75
Average | 0.84 0.85 0.53

Table A.16: Detailed per-trial performance for Clean the table for single-arm tasks. Each row shows the
task-progress score for a specific trial.

Category Task OpenVLA 7o-FAST MOLMOACT
In Distribution put the green can into the yellow plate 0.375 0.8125 1.0

In Distribution put the red cup into the yellow plate 0.5 0.5 0.625
In Distribution put the banana into the blue plate 0.25 0.625 0.75
Language Variation put the green tea into the yellow plate 0.375 0.8125 0.625
Language Variation put the fruit into the blue plate 0.0 0.0625 0.625
Language Variation put the red cylinder into the yellow plate 0.3125 0.0 0.75
Spatial Variation put the green can into the yellow plate 0.4375 0.5625 0.625
Spatial Variation put the red cup into the yellow plate 0.5 0.375 0.4375
Spatial Variation put the banana into the blue plate 0.25 0.4375 0.5625
Distractor (Coke Can, Sponge) put the green can into the yellow plate 0.125 0.875 0.9375
Distractor (Coke Can, Sponge) put the red cup into the yellow plate 0.5 0.3125 0.6875
Distractor (Coke Can, Sponge) put the banana into the blue plate 0.25 0.4375 0.625
Novel Object put the sponge into the yellow plate 0.25 0.0 0.875
Novel Object put the coke can into the yellow plate 0.375 0.5625 0.625
Novel Object put the bowl into the yellow plate 0.25 0.3125 0.4375

Table A.17: Detailed results of real-world evaluation. The first column indicates the variation category while
the second column presents the language instruction. For each task, the detailed task-progress scores used to
evaluate each model are detailed at §A.1.4.
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Task Trial MOLMOACT MOLMOACT (w/o MOL- | wy-FAST OpenVLA
MOACT DATASET)
0 0.8 0.5 0.5 1.0
1 0.8 0.8 0.0 0.5
2 0.5 0.5 0.0 0.0
3 1.0 1.0 0.0 0.5
4 1.0 1.0 0.8 0.5
Pour Tea 5 0.8 0.5 1.0 0.5
6 1.0 1.0 1.0 0.5
7 0.5 0.5 1.0 0.0
8 0.5 1.0 0.0 0.0
9 1.0 0.5 0.0 0.5
10 0.8 0.8 0.0 0.5
0 0.5 0.0 0.5 0.0
1 0.5 0.5 0.0 0.5
2 0.5 0.0 0.5 1.0
3 0.5 0.5 0.5 0.5
4 0.5 0.0 1.0 0.0
Close Lid 5 1.0 0.5 0.5 0.0
6 0.5 0.0 0.0 0.5
7 0.5 1.0 0.0 0.0
8 0.5 1.0 1.0 0.0
9 0.0 1.0 0.5 0.5
10 0.5 0.0 0.5 0.5
0 1.0 1.0 0.6 1.0
1 0.6 1.0 1.0 1.0
2 1.0 1.0 0.0 1.0
3 1.0 1.0 1.0 1.0
4 1.0 1.0 0.6 1.0
Rotate Pot 5 1.0 1.0 1.0 1.0
6 1.0 1.0 0.6 1.0
7 0.6 1.0 1.0 1.0
8 1.0 1.0 1.0 1.0
9 1.0 1.0 1.0 1.0
10 1.0 0.0 0.6 1.0

Table A.18: Detailed per-trial performance for three tasks (Pour Tea, Close Lid, and Rotate Pot). Each row
shows the task-progress score for a specific trial.
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Task Task Detail Episode Open Instruction | Open Instruction (7- | Visual Trace
(MOLMOACT) FAST) (MOLMOACT)

pick up the orange bowl steer from dirty to clean 0 0.00 0.50 1.00

lift up the dirty bowl steer from clean to dirty 1 1.00 0.00 1.00

pick up the bowl on the left steer from clean to dirty 2 0.00 0.00 1.00

pick up the empty bowl steer from dirty to clean 3 0.85 0.50 0.85

pick up the dirty container steer from clean to dirty 4 0.50 0.00 1.00

pick up the bowl with object in- | steer from clean to dirty 5 0.00 0.00 0.50

side

pick up the left bowl steer from clean to dirty 6 0.00 0.50 0.50

pick up the bowl that is pink steer from clean to dirty 7 0.00 0.00 0.00

pick up the bowl that is pink steer from clean to dirty 8 0.50 0.00 1.00

pick up the bowl further steer from dirty to clean 9 0.85 0.50 0.85

pick up the bowl nearer to the | steer from dirty to clean 10 0.50 0.00 1.00

camera

pick up the right bowl steer from dirty to clean 11 0.50 0.00 0.50

pick up the bowl without tissue | steer from clean to dirty 12 0.50 0.00 0.50

pick up the bowl with tissue steer from clean to dirty 13 0.00 0.00 0.50

pick up the bowl] that is dirty steer from clean to dirty 14 1.00 0.00 1.00

Table A.19: Per-episode evaluation results for bowl-picking tasks with different steering conditions. Scores
indicate task progression for each model configuration.
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Scene Task Language Instruction Object(s)

Kitchen put_fork_sink put the fork in the sink Fork (2 types)
Kitchen put_spoon_sink put the spoon in the sink Spoon (2 types)
Kitchen put_bowl_sink put the bowl in the sink Bowl (2 types)
Kitchen clean_spill Clean the spill Sponge

Kitchen wipe_counter Wipe the counter Towels

Kitchen put_plate_in_dishwasher Put the plate in the dishwasher Plate

Kitchen put_fork_in_dishwasher put the fork in the dishwasher Fork

Kitchen put_spoon_in_dishwasher  |putthe spoon in the dishwasher Spoon

Kitchen uncover_food_container Uncover the lid of the food container Large Container
Kitchen uncover_container_lid Uncover the lid of the food container Small Container
Kitchen put tongs in the holder Put the tongs back in the holder Tongs

Kitchen press_toaster Turn on the toaster Toaster

Kitchen close_the_microwave Close the microwave Microwave
Kitchen put_spoon_into_plate Put the spoon on the plate Spoon

Kitchen put_fork_into_plate Put the fork on the plate Fork

Kitchen put_apple_into_container |Putapple in the food container Apple(red and green)
Kitchen put_cereal_into_container |Put the cereal in the food container Cereal(2 types)
Kitchen put_protein_bar_into_contgRutdlre protein bar in the food container Protein Bar(2-3 types)
Kitchen put_chips_into_container |Put the chip bag in the food container chip bag(2-3 types)
Kitchen turn_off_light_kitchen Turn off the light Light switch
Kitchen close_drawer close the drawer Drawer

Kitchen turn_on_faucet Turn on the faucet Faucet

Kitchen close_oven Close the oven Oven

Kitchen open_the_oven Open the oven Oven

Kitchen turn_on_stove Turn on the Stove Stove

Kitchen turn_off_stove Turn off the Stove Stove

Kitchen unload_the_dishwasher_mug |Unload the mug from the dish wisher Mugs

Kitchen put_snacks_in_container Put the Snacks in the Containers Snacks

Bedroom hang_the_cap hang cap Cap

Bathroom wipe_sink_bathroom Wipe the sink towels(gray and brown towels)
Bathroom press_hand_sanitizer Press sanitizer sanitizer(high and low)
Bathroom clean_toilet Clean the toilet Toliet brush
Bathroom turn_on_hot_water Turn on hot water Faucet

Bathroom turn_on_cold_water Turn on the cold water Faucet

Bathroom turn_off_hot_water Turn off the hot water Faucet

Bathroom turn_off_cold_water Turn off the cold water Faucet

Bathroom throw_tissue_bathroom_leftThrow the tissue Tissue

Bathroom throw_tissue_bathroom_righTthrow the tissue Tissue

Bathroom flush_toilet Flush the toliet Toliet brush
Bedroom put_markers_hack_holder Put the markers back in the holder Pen holder 1(shape)
Bedroom put_markers_hack_holder Put the markers back in the holder Pen holder 2(shape)
Bedroom hang_headphone hand the headphone Headphone
Bedroom throw_bottle_bedroom Throw the water bottle in the trash bin Bottle

Bedroom throw_can_bedroom Throw the can in the trash bin Can(2 types)
Bedroom close_laptop_lid_bedroom |Close the laptop lid Laptop
Livingroom throw_can_livingroom Throw the can in the trash bin Can(2 types)
Livingroom throw_plastic_bottle_livinGhrownthe plastic bottle in the trash bin Bottle

Livingroom throw_chip_bag_livingroom |Throw the chip bag in the trash bin Chip bag(2-3 types)
Livingroom throw_tissue_livingroom Throw the tissue in the trash bin Tissue

Livingroom put_apple_tray_livingroom |Put the apple in the tray Apple

Livingroom put_tangerine_livingroom |Put the tangerine in the tray Tangerine
Livingroom put_banana_tray_livingroomPut the banana in the tray Banana
Livingroom arrange_pillow Arrange pillows Pillow

Livingroom shelf_book Shelf books Books

Table A.20: Task details of MOLMOACT DATASET Home Environment, including scene, task name, language

instruction, and all objects used for data collection.
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Scene Task Language Instruction Object(s)
Tabletop stand_water_bottle stand the water bottle Water bottle(2 types)
Tabletop flip_mug flip mug Mug (2 colors)
Tabletop close_top_drawer close the top drawer Drawer
Tabletop close_box close the box Box

Tabletop close_laptop close the laptop Laptop
Tabletop knock_water_bottle Knock water bottle Bottle
Tabletop stand_sanitizer Stand sanitizer Sanitizer
Tabletop knock_sanitizer Knock Sanitizer Sanitizer
Tabletop knock_dish_soap Knock dish soap Dish Soap
Tabletop fold_towel Fold Towel Towel
Tabletop unfold_towel Unfold Towel Towel
Tabletop fold_shorts fold shorts Shorts
Tabletop unfold_shorts Unfold shorts Shorts

Table A.21: Task details of MOLMOACT DATASET Tabletop Environment, including scene, task name,
language instruction, and all objects used for data collection.
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The task is knock redbull can over. What is the action that the robot should take. To figure out the action that the robot
should take to knock redbull can over, let's think through it step by step. First, what is the depth map for this image?
Second, what is the trajectory of the end effector? Based on the depth map of the image and the trajectory of the end
effector, what is the action that the robot should take?

The depth map of the image is

<DEPTH_START ><DEPTH_116 > <DEPTH_116 > <DEPTH_55 > < DEPTH_9> <DEPTH_116> < DEPTH_116 > <DEPTH_116 > <DEPTH_116
><DEPTH_8><DEPTH_8> <DEPTH_55><DEPTH_28> < DEPTH_55> <DEPTH_32> <DEPTH_8> < DEPTH_8 > <DEPTH_8> <DEPTH_
9><DEPTH_69><DEPTH_S> <DEPTH_55> <DEPTH_28> <DEPTH_116><DEPTH_8> <DEPTH_116> <DEPTH_8><DEPTH_9> <DEPT
H_116><DEPTH_9><DEPTH_9><DEPTH_116 > <DEPTH_74> <DEPTH_56><DEPTH_9><DEPTH_69> <DEPTH_69 > <DEPTH_69 >
<DEPTH_69> <DEPTH_69> ¢<DEPTH_8> <DEPTH_9><DEPTH_116 > < DEPTH_75> < DEPTH_32» < DEPTH_32> < DEPTH_32> <DEPT
H_32><«DEPTH_32><DEPTH_32> <DEPTH_30><DEPTH_116> <DEPTH_9><DEPTH_56 > <DEPTH_25><DEPTH_116> <DEPTH_69
»<DEPTH_Q> <DEPTH_8> <DEPTH_9> <DEPTH_116 > <DEPTH_69> ¢« DEPTH_28> <DEPTH_8» <DEPTH_32> <DEPTH_116 > <DEPTH
_695<DEPTH_S><DEPTH_116 > <DEPTH_101><DEPTH_75> <DEPTH_9> <DEPTH_116 > < DEPTH_28> < DEPTH_9><DEPTH_55> ¢
DEPTH_101><DEPTH_56 > < DEPTH_32><DEPTH_75><DEPTH_56 > <DEPTH_9><DEPTH_25> <DEPTH_555<DEPTH_69> <DEPT
H_69> <DEPTH_116 > <DEPTH_28> <DEPTH_28> <DEPTH_26 > <DEPTH_26 > < DEPTH_8> <DEPTH_30> <DEPTH_8> <DEPTH_9>«
DEPTH_8><DEPTH_30><DEPTH_30><DEPTH_8»<DEPTH_28><DEPTH_9> <DEPTH_END>. The trajectory of the end effector
is [[132,207].[148,192].[195,107].[145,37],[183,33]]. Based on these information, the action that the robot should take is [3h,

&, T, 4jF, 4T, KL, V¥].

/

N

The task is Place the spoon on the lower left table edge. What is the action that the robot should take. To figure out the
action that the robot should take to Place the spoon on the lower left table edge, let's think through it step by step. First,
what is the depth map for this image? Second, what is the trajectory of the end effector? Based on the depth map of the
image and the trajectory of the end effector, what is the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_75> <DEPTH_101> <DEPTH_69> <DEPTH_8> <DEPTH_69> <DEPTH_56 > < DEPTH_56 > < DEPTH_30> <
DEPTH_32> <DEPTH_101> <DEPTH_26 > < DEPTH_56 > <DEPTH_32 > < DEPTH_116 > < DEPTH_56 > < DEPTH_101> <DEPTH_32> <DEP
TH_8><«DEPTH_69>¢DEPTH_8> ¢ DEPTH_75% ¢DEPTH_325 <DEPTH_116> < DEPTH_9> <DEPTH_9> «DEPTH_116 > <DEPTH_32>5 ¢
DEPTH_32> <DEPTH_32> <DEPTH_69> <DEPTH_101> <DEPTH_75> < DEPTH_116 > <DEPTH_69> < DEPTH_9> <DEPTH_9> <DEPTH
_95<DEPTH_69><DEPTH_9><DEPTH_101> <DEPTH_69> < DEPTH_69> <DEPTH_69> <DEPTH_69> ¢<DEPTH_69><DEPTH_69>
<DEPTH_69> <DEPTH_69> <DEPTH_32><DEPTH_56> <DEPTH_56><DEPTH_85<DEPTH_8><DEPTH_69> <DEPTH_32» ¢DEPT
H_56><DEPTH_32><DEPTH_9> <DEPTH_56 > <DEPTH_56><DEPTH_56 » < DEPTH_56 > < DEPTH_8> <DEPTH_32><DEPTH_32>
<DEPTH_32> <DEPTH_56><DEPTH_69> <« DEPTH_101> <« DEPTH_56 > <DEPTH_69> < DEPTH_32> < DEPTH_101> < DEPTH_8> <DEP
TH_56><«DEPTH_101><DEPTH_69> < DEPTH_69> ¢<DEPTH_75> <DEPTH_101> <DEPTH_69> < DEPTH_25><DEPTH_74> <DEPTH_
56> <DEPTH_56> <DEPTH_32> < DEPTH_56> < DEPTH_101> <« DEPTH_26 > <DEPTH_26 > < DEPTH_25> <DEPTH_76 > <DEPTH_76>
<DEPTH_76> <DEPTH_103> <DEPTH_69> <DEPTH_25> <DEPTH_74><DEPTH_116>«DEPTH_116> <DEPTH_END>. The trajectory
of the end effector is [[30,39], [56,81],[58,70]]. Based on these information, the action that the robot should take is [41], &k,
AU, 1Bh, &=1), &¢ 1), Oklij].

A

N

The task is pick brown chip bag from middle drawer and place on counter. What is the action that the robot should take.
To figure out the action that the robot should take to pick brown chip bag from middle drawer and place on counter, let's
think through it step by step. First, what is the depth map for this image? Second, what is the trajectory of the end
effector? Based on the depth map of the image and the trajectory of the end effector, what is the action that the robot
should take?

The depth map of the image is

<DEPTH_START ><DEPTH_116 > <DEPTH_116 > <DEPTH_55 > < DEPTH_9> <DEPTH_116> < DEPTH_116 > <DEPTH_116 > <DEPTH_116
><DEPTH_8><DEPTH_8> <DEPTH_55><DEPTH_28> < DEPTH_55> <DEPTH_32> <DEPTH_8> < DEPTH_8 > <DEPTH_8> <DEPTH_
9><DEPTH_69><DEPTH_S> <DEPTH_55><DEPTH_28> <DEPTH_116><DEPTH_8> <DEPTH_116> <DEPTH_8><DEPTH_9> <DEPT
H_116><DEPTH_9><DEPTH_9> <DEPTH_116 > < DEPTH_74> < DEPTH_56> <DEPTH_9> <DEPTH_69> <DEPTH_69 > <DEPTH_69 >
<DEPTH_69> <DEPTH_69> <DEPTH_8> <DEPTH_9> ¢DEPTH_116> <DEPTH_75> <DEPTH_32> <DEPTH_32> <DEPTH_32> <DEPT
H_32><DEPTH_32><DEPTH_32><DEPTH_30><DEPTH_116> <DEPTH_9><DEPTH_56 > <DEPTH_25><DEPTH_116 > <DEPTH_69
> <DEPTH_9> <DEPTH_8> <DEPTH_9> <DEPTH_116 > <DEPTH_69> ¢ DEPTH_28> <DEPTH_8> < DEPTH_32> <DEPTH_116> < DEPTH
_69><DEPTH_9> <DEPTH_116><DEPTH_101><DEPTH_75><DEPTH_9> <DEPTH_116><DEPTH_28><DEPTH_9><DEPTH_55><
DEPTH_101><DEPTH_56 > < DEPTH_32> <DEPTH_75> <DEPTH_56 > <DEPTH_9> <DEPTH_25> <DEPTH_55><DEPTH_69> <DEPT
H_69> <DEPTH_116> <DEPTH_28 > < DEPTH_28> <DEPTH_26 > ¢<DEPTH_26 > <DEPTH_8> <DEPTH_30> <DEPTH_B8 > <DEPTH_9>5 <
DEPTH_8><DEPTH_30><DEPTH_30><DEPTH_8><DEPTH_28><DEPTH_9> <DEPTH_END>. The trajectory of the end effector
is [[132,207],[148,192],[195,107],[145,37],[183,33] ]. Based on these information, the action that the robot should take is [3h,

aJH, i, &JH, a-T, 8K VY.

/

N

The task is wipe red bowl with towel. What is the action that the robot should take. To figure out the action that the
robot should take to wipe red bowl with towel, let’s think through it step by step. First, what is the depth map for this
image? Second, what is the trajectory of the end effector? Based on the depth map of the image and the trajectory of
the end effector, what is the action that the robot should take?

The depth map of the image is

<DEPTH_START> <DEPTH_25» < DEPTH_9> <DEPTH_74 > <DEPTH_8 > < DEPTH_56 > < DEPTH_55 > < DEPTH_56 > < DEPTH_74> <DE
PTH_255 <DEPTH_28> <DEPTH_28> ¢ DEPTH_55> <DEPTH_69> <DEPTH_116> <DEPTH_8> <DEPTH_69> <DEPTH_116> <DEPTH_
28><«DEPTH_69><DEPTH_8><DEPTH_101><DEPTH_32><DEPTH_69><DEPTH_8><DEPTH_8><DEPTH_76><DEPTH_9> <DEP
TH_8><DEPTH_8> <DEPTH_69> <DEPTH_69><«DEPTH_103> <DEPTH_69> <«DEPTH_103> <DEPTH_28> <DEPTH_69><DEPTH_8
><DEPTH_9><DEPTH_116><DEPTH_9> <DEPTH_9><DEPTH_9> <DEPTH_28> <DEPTH_28> < DEPTH_25><DEPTH_9> <DEPTH_
103> <DEPTH_9><DEPTH_55> <DEPTH_25><DEPTH_28> <DEPTH_56><DEPTH_116 > <DEPTH_32><DEPTH_26 > <DEPTH_75><
DEPTH_30><DEPTH_55> <DEPTH_55> «DEPTH_28> <DEPTH_75> <DEPTH_26><DEPTH_101> <DEPTH_56 > <DEPTH_101> < DEP
TH_26><DEPTH_69> <DEPTH_116> <DEPTH_25><DEPTH_25><DEPTH_25><DEPTH_56 > < DEPTH_116 > <DEPTH_55 > <DEPTH_
32>«DEPTH_26> <DEPTH_75> <DEPTH_8 » <DEPTH_30> <DEPTH_28> <DEPTH_25> <DEPTH_8><«DEPTH_32> <DEPTH_69> <DE
PTH_116 > <DEPTH_26 > «<DEPTH_26> <DEPTH_9><DEPTH_55> <DEPTH_28 > «DEPTH_30> < DEPTH_55><DEPTH_9> <DEPTH_2
5><DEPTH_84> <DEPTH_55><DEPTH_55><DEPTH_32> <DEPTH_30 > <DEPTH_30> <DEPTH_END>. The trajectory of the end
effectoris [[53,192],[53,196],[54,199],[53,205].[50,192]]. Based on these information, the action that the robot should take is
[OUN], 3L4g, a-i, &nij, ALL, ioh, Y¥].

- /

Figure A.4: Randomly selected examples from action-reasoning data used in the pre-training stage.
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The task is place apple into bottom drawer. The task is move brown chip bag near rxbar
What is the trajectory that the end effector chocolate. What is the trajectory that the end
should take? effector should take?
The trajectory of the end effector is The trajectory of the end effector is
[[156.62],[161,146],[148,202],[140,212],[138,211]] [[125,95],[148,79],[135.78]]
N
The task is move the yellow cloth from the The task is removed the lid from the silver pot
basket to the tub. What is the trajectory that and put it on the top right of the stove. What
the end effector should take? is the trajectory that the end effector should
take?
The trajectory of the end effector is The trajectory of the end effector is
[[140,26],[142,26],[153,26],[168,17],[178,64]] [[142,125],[163,123],[170,117],[166,137],[155,101]]
J J
~
The task is wipe tray with eraser. What is the The task is place sponge in purple bowl. What
trajectory that the end effector should take? is the trajectory that the end effector should
take?
The trajectory of the end effector is The trajectory of the end effector is
[[206,171],[190,193],[89,145],[107,145],[101,145]] [[204,225],[197,228],[197,226],[107,159],[161,12
9l
. J

Figure A.5: Randomly selected examples from auxiliary visual reasoning trace data used in the pre-training

stage.
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The task is open left fridge door. What is the depth map for the image?

The depth map of the image is

<DEPTH_START > <DEPTH_75> <DEPTH_101> <DEPTH_101> <DEPTH_75> <DEPTH_101> < DEPTH_32> <DEPTH_101> <DEPTH_26 >
<DEPTH_26> <DEPTH_26 > <DEPTH_56 > < DEPTH_32> < DEPTH_32> <DEPTH_69> <DEPTH_9> <DEPTH_69> <DEPTH_75> <DEPT
H_75><DEPTH_56 > <DEPTH_101> <DEPTH_101> <DEPTH_56 > < DEPTH_56 > <DEPTH_56 > < DEPTH_32> <DEPTH_32> <DEPTH_1
01> <DEPTH_8><DEPTH_125><DEPTH_9><DEPTH_101> <DEPTH_8> <DEPTH_69> <DEPTH_9> <DEPTH_69 > <DEPTH_9> <DEP
TH_56><DEPTH_69> <DEPTH_69> <DEPTH_69 > < DEPTH_101> <DEPTH_69> < DEPTH_116 > < DEPTH_69> < DEPTH_28 > <DEPTH
_69><DEPTH_56 > <DEPTH_25><DEPTH_9><DEPTH_9> <DEPTH_56 > <DEPTH_8> <DEPTH_9> <DEPTH_9> <DEPTH_9> <DEPT
H_69><DEPTH_69><DEPTH_9><DEPTH_69> <DEPTH_69> <DEPTH_101> <DEPTH_9> <DEPTH_9> <DEPTH_9><DEPTH_9> <D
EPTH_116><DEPTH_116 > <DEPTH_116 > <DEPTH_25> <DEPTH_55> <DEPTH_69> <DEPTH_25> <DEPTH_74 > <DEPTH_74 > <DEPT
H_74><DEPTH_74><DEPTH_74><DEPTH_74><DEPTH_55> < DEPTH_28> < DEPTH_74> <DEPTH_55><DEPTH_74> <DEPTH_74>
<DEPTH_74><DEPTH_74><DEPTH_74><DEPTH_74><DEPTH_55> <DEPTH_25><DEPTH_8> < DEPTH_8> <DEPTH_30> <DEPTH
_30><DEPTH_30><DEPTH_30> <DEPTH_30><DEPTH_30> <DEPTH_30> <DEPTH_84 > <DEPTH_END>"

AN

The task is move spoon to below the bowl on right. What is the depth map for the image?

The depth map of the image is

<DEPTH_START > <DEPTH_101> <DEPTH_32> <DEPTH_8 > <DEPTH_69> <DEPTH_8> <DEPTH_56 > <DEPTH_32> <DEPTH_30> <D
EPTH_32><DEPTH_101><DEPTH_101><DEPTH_32> <DEPTH_8><DEPTH_116 > <DEPTH_32> <DEPTH_101> <DEPTH_32> <DEPTH
_32><DEPTH_69><DEPTH_8><DEPTH_101><DEPTH_69> <DEPTH_25> <DEPTH_69> <DEPTH_9> <DEPTH_116 > <DEPTH_32> ¢
DEPTH_32><DEPTH_32><DEPTH_69> <DEPTH_32><DEPTH_9> <DEPTH_69 > <DEPTH_9> <DEPTH_9> <DEPTH_69> <DEPTH_
8><DEPTH_69><DEPTH_116 ><DEPTH_101> <DEPTH_8> <DEPTH_8> <DEPTH_8><DEPTH_69> <DEPTH_69> <DEPTH_8> <DEP
TH_8><DEPTH_9><DEPTH_32><DEPTH_56 > <DEPTH_56 > <DEPTH_32> <DEPTH_56 > <DEPTH_32> <DEPTH_69> <DEPTH_8>
<DEPTH_8><DEPTH_9> <DEPTH_56 > <DEPTH_56 > <DEPTH_56 > <DEPTH_32> <DEPTH_56 > <DEPTH_32> <DEPTH_8> <DEPTH
_8><DEPTH_32><DEPTH_69><DEPTH_101><DEPTH_101> <DEPTH_69> < DEPTH_32><DEPTH_101> <DEPTH_8> <DEPTH_56 >
<DEPTH_32><DEPTH_8><DEPTH_8> <DEPTH_75> <DEPTH_101> <DEPTH_69> <DEPTH_25> <DEPTH_74 > <DEPTH_56 > <DEPT
H_56><DEPTH_32><DEPTH_56> <DEPTH_101> <DEPTH_26 > <DEPTH_26 > < DEPTH_25> <DEPTH_76 > <DEPTH_76 > <DEPTH_7
6><DEPTH_103> <DEPTH_69 > <DEPTH_25> <DEPTH_74 > <DEPTH_9> <DEPTH_116 > <DEPTH_END>

A\

The task is pick banana from white bowl. What is the depth map for the image?

The depth map of the image is

<DEPTH_START > <DEPTH_69> <DEPTH_116 > <DEPTH_28 > <DEPTH_101> <DEPTH_56 > <DEPTH_8> <DEPTH_55 > <DEPTH_103>
<DEPTH_9><DEPTH_74><DEPTH_8> <DEPTH_116 > < DEPTH_28 > < DEPTH_56 > < DEPTH_56 > < DEPTH_26 > < DEPTH_32> < DEPT
H_74><DEPTH_76><DEPTH_74><DEPTH_69> <DEPTH_69> <DEPTH_69 > <DEPTH_8> <DEPTH_9> <DEPTH_75> <DEPTH_101>
<DEPTH_101><DEPTH_116 > <DEPTH_55> <DEPTH_69> < DEPTH_8> <DEPTH_116 > <DEPTH_69> < DEPTH_55> <DEPTH_28> <DE
PTH_101><DEPTH_101><DEPTH_56 > <DEPTH_74 > <DEPTH_69> <DEPTH_69> <DEPTH_32><DEPTH_25> <DEPTH_8> <DEPTH_
75><DEPTH_101><DEPTH_75> <DEPTH_75> <DEPTH_74> <DEPTH_8> <DEPTH_9> <DEPTH_9> <DEPTH_116 > <DEPTH_26 > <DE
PTH_75> <DEPTH_101> <DEPTH_26 > <DEPTH_8> <DEPTH_55> <DEPTH_32> <DEPTH_8> <DEPTH_25> <DEPTH_8> <DEPTH_26
><DEPTH_75> <DEPTH_26 > <DEPTH_56 > <DEPTH_28> <DEPTH_55> < DEPTH_32> <DEPTH_69> <DEPTH_69> <DEPTH_116 > <D
EPTH_26 > <DEPTH_26 > <DEPTH_75> <DEPTH_30> <DEPTH_28> <DEPTH_55 > <DEPTH_101> <DEPTH_8> <DEPTH_8> <DEPTH_
55> <DEPTH_75><DEPTH_26 > <DEPTH_26 > <DEPTH_8> <DEPTH_28> < DEPTH_28> <DEPTH_103> <DEPTH_103> <DEPTH_76> <
L DEPTH_76><DEPTH_69><DEPTH_55><DEPTH_55> <DEPTH_84 > <DEPTH_103> <DEPTH_76 > <DEPTH_END>" )

Figure A.6: Randomly selected examples from auxiliary depth-perception tokens data used in the pre-
training stage.

The taskis pick water bottle from middle

drawer and place on counter. Notice that the
the i

the image. Based on the trajectory annotated

onthe image, what is the action that the robot

should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [O1, &%=, iah, &4y, 4,h,
L, Akli].

The taskis pick blue chip bag from bottom

drawer and place on counter. Notice that the
the i

the image. Based on the trajectory annotated

onthe image, what is the action that the robot

should take?",

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [&KL, i"F, Okiij, 8V2e, avel,
i), Y¥]

The taskis pick blue chip bag from middle

drawer and place on counter. Notice that the
the i

the image. Based on the trajectory annotated

onthe image, what is the action that the robot

should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [3L1°, 8L1g, 4K, &KL, ith,
SLLT, 3kiij]."

The taskis fold the clothe from top right to
bottom left. Notice that the trajectory of the
end effector is annotated on the image. Based
onthe trajectory annotated on the image,
what i the action that the robot should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take s [i[®, ik, Il%, iIN, &K, i§©,
Bkiij).

The taskis put the lime on the spoon. Notice
that the trajectory of the end effector is
annotated on the image. Based on the
trajectory annotated on the image, what is
the action that the robot should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [OL° if, 63, 41©, E2,
BLK], Y¥].

The taskis fold the cloth from left to right.
Notice that the trajectory of the end effector
is annotated on the image. Based on the
trajectory annotated on the image, what is
the action that the robot should take?

Based on the image and the annotated

| trajectory of the end effector, the action that

the robot should take is [4L1, ik®, SLiI, O1, 4G1, alp,
Bkiij)

The taskis place grapes in tray. Notice that
the trajectory of the end effector is annotated
onthe image. Based on the trajectory
annotated on the image, what is the action
that the robot should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [81]°V4, dth¢, &°3, &gij,
31J°V, iah, dklij].

The taskis place bananain paper cup. Notice
that the trajectory of the end effectoris
annotated on the image. Based on the
trajectory annotated on the image, what is
the action that the robot should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [3Lj%, dLL¢, a1, . 1A,
i, Aklij].

The taskis place grapes in tray. Notice that

the y
onthe image. Based on the trajectory
annotated on the image, what is the action
that the robot should take?

Based on the image and the annotated
trajectory of the end effector, the action that
the robot should take is [65F, ih, Akt 74, ith.
iKk®, Skiij].

Figure A.7: Randomly selected examples from trajectory-conditioned action data used in the pre-training

stage.
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find single line of text overlayed e find interstate
on image — 5 ‘e ‘¥ roadsin
f—— Locate all Glass of the : ‘washington Look for stone wall in the
<points x1="13.9" y1= m— window. state image and show me where they
o~ x2="139" y2="83.1" X m— $ are.
y3="5.0" x4="24.3" y4 e <points x1="34.7" ° ® L) <points
FsT e | X5="26.4" y5="11 4" x6="26.4" — yl="545" x2="72.5" x1="19.2" <points x1="7.8" 8"
[ON/ _SAKURA |8 [DUST XT.coN ¥6="56.5" x7="26.4" y7="61.9" [rem— 2="67.0" alt="Glass of the ; ) y1="93.6" x2="87.0" y2="40.0" x3="92.8"
R X8="323" y8="27.7" x9="32.3" window">Glass of the foxe="2s ¥3="86.3" alt="stone
& ¥9="335" x10="62.3" y10="116" A window</points> ¥2="50.7" wall">stone wall</points>
o x11="62.7" y11="9.3" x12="67.5" = e 3 x3="52.7"
\ y12="84.0" x13="675" y13="91 y3="498"...

N
k e Write a long caption Write a long caption
s
Description: Mobile Application Interface** pucy This image is a triptych featuring three detailed shots of pizzas from Catfishman's
Pizzeria in Calgary, AB, established in 2018. The top, landscape-oriented photo

The is of a mobile ication on an iPhone, i ing the showcases the pizzeria's whimsical box design, adorned with a cartoon catfish character

messaging interface. donning a white chef's hat, a chef's outfit, and a red bandana.

**Status Bar Details:** The two images below provide closer looks at the pizzeria's offerings. On the bottom

- Time: 4:17 PM is displayed in the top-left corner. left, a close-up reveals an uncooked, cheese-loaded pizza that nearly overflows a plastic

- Cellular Signal: The phone shows 2 out of 4 cellular signal bars. cutting board set on a brown surface. The pizza is generously coated in cheese and

- Wi-Fi Signal: The Wi-Fi signal is weak, with 1 out of 3 bars. tomato sauce, unadorned by other toppings, ready to be sliced and served.
Y e=— - Battery Indicator: Although the battery percentage is not displayed, t....

J

Figure A.8: Randomly selected examples from multimodal web data used in the pre-training stage.

163



The taskis put the plate in the dishwasher. What is the action that the robot should take. To figure out the action that
the robot should take to put the plate in the dishwasher, let's think through it step by step. First, what is the depth map
for the first image? Second, what is the trajectory of the end effector in the first image? Based on the depth map of the
firstimage and the trajectory of the end effector in the first image, along with other images from different camera views
as additional information, what is the action that the robot should take?

The depth map of the firstimage is

<DEPTH_START > <DEPTH_26 > < DEPTH_56 > < DEPTH_75> < DEPTH_101> <DEPTH_69> < DEPTH_55 > <DEPTH_25> <DEPTH_69>
<«DEPTH_8><DEPTH_32><DEPTH_101> <DEPTH_125> <DEPTH_26 > <DEPTH_75> <DEPTH_25> <DEPTH_55> < DEPTH_25> <DEP
TH_9><DEPTH_69><DEPTH_32><DEPTH_26><DEPTH_74><DEPTH_116 > <DEPTH_84> <DEPTH_75><DEPTH_74><DEPTH_11
6><DEPTH_116 > <DEPTH_9><DEPTH_69><DEPTH_26 > <DEPTH_116> <DEPTH_74 > <DEPTH_9> <DEPTH_125><DEPTH_74> <D
EPTH_25><DEPTH_116><DEPTH_9><DEPTH_69> «DEPTH_26> «DEPTH_84><DEPTH_28><DEPTH_25>«DEPTH_8><DEPTH_
25> «<DEPTH_116 ><DEPTH_25><DEPTH_9><DEPTH_8> <DEPTH_101> <DEPTH_55> <DEPTH_103> <DEPTH_25><DEPTH_74><
DEPTH_56> <DEPTH_9><DEPTH_116 > <DEPTH_9><DEPTH_32><DEPTH_75><DEPTH_116 > <DEPTH_9> <DEPTH_74 > <DEPTH_
28> <DEPTH_32><DEPTH_8>«DEPTH_69> <DEPTH_69> <DEPTH_69> <DEPTH_75><DEPTH_26 > <DEPTH_32><DEPTH_55><D
EPTH_74><DEPTH_8> <DEPTH_56> <DEPTH_8 > <DEPTH_8> <DEPTH_8 > <DEPTH_75><DEPTH_26 > <DEPTH_8> <DEPTH_74><
DEPTH_74><DEPTH_9> <DEPTH_56 > < DEPTH_101> <DEPTH_56> <DEPTH_56 > <DEPTH_69><DEPTH_8> < DEPTH_84 > <DEPTH
_76><DEPTH_103><DEPTH_30><DEPTH_69> <DEPTH_55> <DEPTH_25> <DEPTH_116 > <DEPTH_END>. The trajectory of the
end effector in the firstimage is [[108,59],[81,89],[76,111],[76,125],[78,71]]. Based on these information, along with other
images fr]om different camera views as additional information, the action that the robot should take is [4v4L, all, 4vaL, dLk=, 4k,
OLKG, Y¥].

\

The task is clean the toilet. What is the action that the robot should take. To figure out the action that the robot should
take to clean the toilet, let's think through it step by step. First, what is the depth map for the firstimage? Second, what
is the trajectory of the end effector in the firstimage? Based on the depth map of the firstimage and the trajectory of
the end effector in the first image, along with other images from different camera views as additional information, what

! is the action that the robot should take?

The depth map of the firstimage is

<DEPTH_START > <DEPTH_56> < DEPTH_56> <DEPTH_56> < DEPTH_32> <DEPTH_8 > < DEPTH_69> <DEPTH_32> < DEPTH_56> ¢
DEPTH_101> <DEPTH_26> <DEPTH_56 > <DEPTH_32><DEPTH_8> <DEPTH_69><DEPTH_116> «<DEPTH_69> <DEPTH_32> <DEPT
H_101><DEPTH_101> <DEPTH_26 > <DEPTH_56 > <DEPTH_8> <DEPTH_30> <DEPTH_76 > <DEPTH_55> <DEPTH_9> <DEPTH_8> ¢
DEPTH_32><DEPTH_101> <DEPTH_75> <DEPTH_9> <DEPTH_25> <DEPTH_28> <DEPTH_74> <DEPTH_84> <DEPTH_125> <DEPT
H_69><DEPTH_32> <DEPTH_56 > <DEPTH_75> <DEPTH_84> <DEPTH_75 > <DEPTH_32> <DEPTH_101> <DEPTH_116 > <DEPTH_3
0> <«DEPTH_25> <DEPTH_8><DEPTH_32><«DEPTH_101> <DEPTH_26 > <DEPTH_26 » <DEPTH_26 > < DEPTH_56 > <DEPTH_116> <D
EPTH_30><DEPTH_25> <DEPTH_8> <DEPTH_32> <DEPTH_101><DEPTH_26 ><DEPTH_125><DEPTH_75> <DEPTH_55> <DEPTH
_32><«DEPTH_69> <DEPTH_74><DEPTH_69> <DEPTH_32> «DEPTH_101> <DEPTH_75> <DEPTH_74> <DEPTH_74> <DEPTH_9> ¢
DEPTH_25><DEPTH_55><DEPTH_55><DEPTH_9><DEPTH_8> <DEPTH_56 > <DEPTH_84 > <DEPTH_84><«DEPTH_74 > <DEPTH_
74> <DEPTH_55><DEPTH_74> <DEPTH_74> <DEPTH_116 > <DEPTH_69 > < DEPTH_56 > < DEPTH_74 > <DEPTH_69> <DEPTH_95 <
DEPTH_76><DEPTH_30><DEPTH_84> <DEPTH_103> <DEPTH_84> <DEPTH_30> <DEPTH_30> <DEPTH_END>. The trajectory of
the end effector in the firstimage is [[136,170],[140,137],[128,204],[128,204],[128,204]]. Based on these information, along with
other image]s from different camera views as additional information, the action that the robot should take is [4©7, i¥t, OL-i!. ij,

ihL, ag%, Y¥].

r
B

The task s lift the pillow. What is the action that the robot should take. To figure out the action that the robot should
take to lift the pillow, let’s think through it step by step. First, what is the depth map for the firstimage? Second, what is

the trajectory of the end effector in the firstimage? Based on the depth map of the first image and the trajectory of the

end effector in the first image, along with other images from different camera views as additional information, what is
the action that the robot should take?

The depth map of the firstimage is

<DEPTH_START > <DEPTH_101><DEPTH_32> <DEPTH_32> <DEPTH_8> <DEPTH_76 > <DEPTH_76 > <DEPTH_125><DEPTH_55><¢
DEPTH_69><DEPTH_69> <DEPTH_101> <DEPTH_32> <DEPTH_103><DEPTH_116 > <DEPTH_25> <DEPTH_74> <DEPTH_84><DE
PTH_74><DEPTH_9><DEPTH_69> <DEPTH_56> <DEPTH_8><DEPTH_9><DEPTH_28><«DEPTH_75><DEPTH_103> <DEPTH_28
><DEPTH_76><DEPTH_74><DEPTH_28 > <DEPTH_56 > <DEPTH_116 > <DEPTH_56 > <DEPTH_26 > <DEPTH_75> <DEPTH_26> <D
EPTH_26> <DEPTH_125><DEPTH_74><DEPTH_28><DEPTH_32> <DEPTH_28> <DEPTH_26 > <DEPTH_30> <DEPTH_116> <DEPT
H_9><DEPTH_101><DEPTH_84><DEPTH_28><DEPTH_69><DEPTH_32><DEPTH_32><DEPTH_101><DEPTH_28><DEPTH_9>
<DEPTH_55><DEPTH_8> <DEPTH_26> <DEPTH_55><DEPTH_9> <DEPTH_101> <DEPTH_32> <DEPTH_9 > <DEPTH_8> <DEPTH_
28> <DEPTH_116><«DEPTH_32><«DEPTH_101> <DEPTH_28> <DEPTH_25> <DEPTH_56 > <DEPTH_69><DEPTH_69> <DEPTH_116 >
<DEPTH_69> <DEPTH_8> <DEPTH_101><DEPTH_8> <DEPTH_26 > <DEPTH_75> <DEPTH_26 > < DEPTH_84><DEPTH_69> < DEPT
H_8><DEPTH_32> <DEPTH_56><DEPTH_32> <DEPTH_32><DEPTH_26> <DEPTH_26> <DEPTH_74> <DEPTH_25><DEPTH_25>
<DEPTH_8> ¢<DEPTH_76> < DEPTH_32>«<DEPTH_28> < DEPTH_8> <DEPTH_9> <DEPTH_116> <DEPTH_END>. The trajectory of
the end effector in the firstimage is [[68,113],[58,113],[59,105],[71,95],[97,106 ]| Based on these information, along with other
images f]rom different camera views as additional information, the action that the robot should take is [Ej, &2k, &K1, 8kif, 81J°V4,
461, dLlij].

\

J

Figure A.9: Randomly selected examples from the MOLMOACT DATASET (home environment) used in

the mid-training stage.
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\

The taskis unload the mug. What is the action that the robot should take. To figure out the action that the robot should
take to unload the mug, let’s think through it step by step. First, what is the depth map for the first image? Second, what
isthe trajectory of the end effectorin the firstimage? Based on the depth map of the firstimage and the trajectory of
the end effector in the first image, along with other images from different camera views as additional information, what
isthe action that the robot should take?",

The depth map of the firstimage is

«DEPTH_START> <DEPTH_69> < DEPTH_9> < DEPTH_85 <DEPTH_28><DEPTH_8> < DEPTH_8> <DEPTH_101> < DEPTH_32> <DEP
TH_84><DEPTH_85<DEPTH_69> <DEPTH_116><DEPTH_116 > <DEPTH_255 < DEPTH_285<DEPTH_32><DEPTH_101><DEPTH_
56> <«DEPTH_69><DEPTH_32><DEPTH_25><DEPTH_116 > <DEPTH_116 > <DEPTH_25> <DEPTH_116 > <DEPTH_30> <DEPTH_101
><DEPTH_75><DEPTH_103><DEPTH_69> <DEPTH_116 > <DEPTH_28> <DEPTH_55> < DEPTH_74><DEPTH_25><DEPTH_32><D
EPTH_75><DEPTH_325<DEPTH_28> <DEPTH_69> <DEPTH_28> < DEPTH_74> <DEPTH_74><DEPTH_55><DEPTH_55> < DEPTH
_9><DEPTH_74><DEPTH_75><DEPTH_56><DEPTH_69><DEPTH_25> <DEPTH_28> <DEPTH_56> <DEPTH_69> <DEPTH_69>
<DEPTH_8> <DEPTH_101> <DEPTH_26 > <DEPTH_56> <DEPTH_9> <DEPTH_55> < DEPTH_101> < DEPTH_9> < DEPTH_8> <DEPTH
_255<DEPTH_8><DEPTH_56> <DEPTH_116 > < DEPTH_9 > < DEPTH_69 > < DEPTH_32><DEPTH_1015 < DEPTH_69 > < DEPTH_85 <D
EPTH_56> <DEPTH_74><DEPTH_101> <DEPTH_101> <DEPTH_8> <DEPTH_32><DEPTH_26><DEPTH_8> <DEPTH_56 > <DEPTH_
32> <«DEPTH_32><«DEPTH_56> «<DEPTH_56><DEPTH_8> <DEPTH_32> <DEPTH_32><DEPTH_25><DEPTH_116 > <DEPTH_28> <D
EPTH_28> < DEPTH_25><DEPTH_116 > < DEPTH_116 > <DEPTH_116 > <DEPTH_116> < DEPTH_9> <DEPTH_END . The trajectory of
the end effector in the firstimage is [[179,84],[207,100],[143,120],[140,143],[180,111]]. Based on these information, along with
otherimages from different camera views as additional information, the action that the robot should take is [4J), Y], &J), Oij,
31°Y, ALk, Y¥]."

P
\
The taskis unload the plate. What is the action that the robot should take. To figure out the action that the robot should
take to unload the plate, let’s think through it step by step. First, what is the depth map for the first image? Second, what
is the trajectory of the end effectorin the firstimage? Based on the depth map of the firstimage and the trajectory of
the end effector in the first image, along with other images from different camera views as additional information, what
is the action that the robot should take?

The depth map of the firstimage is

<DEPTH_START > <DEPTH_101> <DEPTH_103> <DEPTH_56><DEPTH_74><DEPTH_30><DEPTH_84 > <DEPTH_32><DEPTH_32>
«DEPTH_32><DEPTH_56> <DEPTH_32><DEPTH_25><DEPTH_9<DEPTH_125> < DEPTH_69> < DEPTH_9> < DEPTH_8><DEPTH
_32><DEPTH_32><DEPTH_56> <DEPTH_84><DEPTH_30> <DEPTH_125> <DEPTH_74><DEPTH_9> <DEPTH_75> <DEPTH_30>
<DEPTH_69><«DEPTH_8> <DEPTH_32> <DEPTH_26 > <DEPTH_26> <« DEPTH_26><DEPTH_101> < DEPTH_26 > <DEPTH_101> <DEP
TH_125> <DEPTH_69> <DEPTH_69> <DEPTH_32> <DEPTH_26 > < DEPTH_26 > < DEPTH_101> < DEPTH_74 > < DEPTH_25> < DEPTH
_101><DEPTH_125><DEPTH_8><DEPTH_69> < DEPTH_32> <DEPTH_26 > <DEPTH_28><DEPTH_25> <DEPTH_55> <DEPTH_25>
<DEPTH_75> «<DEPTH_30> <DEPTH_69><DEPTH_8><DEPTH_32><DEPTH_26><DEPTH_9><DEPTH_74 > <DEPTH_74><DEPTH
_55><«DEPTH_69><«DEPTH_28> <DEPTH_69> <DEPTH_116 > <DEPTH_8> <DEPTH_9> <DEPTH_8><DEPTH_25><DEPTH_32><D
EPTH_695<DEPTH_755<DEPTH_8><DEPTH_695<DEPTH_9> <DEPTH_9> <DEPTH_101> <DEPTH_56 5 < DEPTH_1015<DEPTH_5
6> <DEPTH_32><DEPTH_56><DEPTH_101> <DEPTH_32><DEPTH_101> <DEPTH_56> <DEPTH_32><DEPTH_28><DEPTH_28> <
DEPTH_28><DEPTH_28><DEPTH_25> <DEPTH_25><DEPTH_28><DEPTH_28> <DEPTH_116><DEPTH_END>. The trajectory of
the end effector in the firstimage is [ [148,150],[153,162],[153,165],[124,153],[124,172]]. Based on these information, along with
other images from different camera views as additional information, the action that the robot should take is [4J], &K1, &42¢, T¥=,

i»g, 8K, dtlij]." J
\

The taskis knock down the bottle. What is the action that the robot should take. To figure out the action that the robot
should take to knock down the bottle, let's think through it step by step. First, what is the depth map for the firstimage?
Second, what is the trajectory of the end effector in the firstimage? Based on the depth map of the firstimage and the
trajectory of the end effector in the first image, along with other images from different camera views as additional
information, what is the action that the robot should take?

The depth map of the firstimage is

<DEPTH_START > <DEPTH_8> <DEPTH_69> <DEPTH_69> <DEPTH_69> <DEPTH_32><DEPTH_101> <DEPTH_101> <DEPTH_255 ¢
DEPTH_69><DEPTH_56><DEPTH_69> <DEPTH_9><DEPTH_116 > <DEPTH_74 > <DEPTH_75> <DEPTH_56 > <DEPTH_69><DEPT
H_28><DEPTH_69><DEPTH_32><DEPTH_116><DEPTH_25> <DEPTH_116><DEPTH_9><DEPTH_75 > <DEPTH_1255><DEPTH_3
2> <DEPTH_28><DEPTH_9><DEPTH_32> <DEPTH_125> <DEPTH_74><DEPTH_74> <DEPTH_69> <DEPTH_101><DEPTH_56> <D
EPTH_28><DEPTH_74><DEPTH_9><DEPTH_8><DEPTH_25> <DEPTH_74><DEPTH_55><DEPTH_74 > <DEPTH_55><DEPTH_9
><DEPTH_74><DEPTH_555 <DEPTH_116 > <DEPTH_8><DEPTH_69 > <DEPTH_555 < DEPTH_56 > < DEPTH_325 <DEPTH_125 > <DE
PTH_69> <DEPTH_8><DEPTH_8><DEPTH_8> <DEPTH_8> <DEPTH_74><DEPTH_75> <DEPTH_9> <DEPTH_101> <DEPTH_32> <
DEPTH_69><DEPTH_8><DEPTH_8> <DEPTH_8> <DEPTH_32> <DEPTH_56 > <DEPTH_75> <DEPTH_32><DEPTH_56 > <DEPTH_5
6> <DEPTH_32><DEPTH_32> <DEPTH_56 > <DEPTH_32> <DEPTH_32> <« DEPTH_26 > < DEPTH_101> < DEPTH_26 > <DEPTH_755 <D
EPTH_75><DEPTH_75><DEPTH_75> <DEPTH_75><DEPTH_75><DEPTH_75> <DEPTH_74> <DEPTH_55><DEPTH_55><DEPTH_
74> <DEPTH_74><DEPTH_74 > <DEPTH_74 > <DEPTH_74><DEPTH_74> <DEPTH_28> <DEPTH_END>. The trajectory of the end
effector in the firstimage is [[125,68],[120,79],[126,84],[100,127],[82,150]]. Based on these information, along with other
images from different camera views as additional information, the action that the robot should take is [3£h, a3, &K1, V], SLLI,
amtij, dkiij]. J

-

Figure A.10: Randomly selected examples from the MOLMOACT DATASET (tabletop environment) used
in the mid-training stage.
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The task is clean the table. What is the action that the robot should take. To figure out the action that the robot should
take to clean the table, let’'s think through it step by step. First, what is the depth map for the first image? Second, what
is the trajectory of the end effector in the firstimage? Based on the depth map of the firstimage and the trajectory of
the end effector in the first image, along with other images from different camera views as additional information, what
is the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_74 > <DEPTH_61> <DEPTH_104> <DEPTH_86 > <DEPTH_70> <DEPTH_41> <DEPTH_102> <DEPTH_102
><«DEPTH_90> <DEPTH_98 > «DEPTH_96><DEPTH_32> «DEPTH_13> <DEPTH_50> <DEPTH_9> < DEPTH_93> <DEPTH_71> <DEP
TH_91><DEPTH_102> <DEPTH_60 > <DEPTH_8><DEPTH_85> <DEPTH_17><DEPTH_13><DEPTH_80> <DEPTH_63> <DEPTH_70
> <DEPTH_3><DEPTH_23><DEPTH_34 > <DEPTH_20><DEPTH_54><DEPTH_49> <DEPTH_21><DEPTH_3> <DEPTH_27><DEPT
H_71><DEPTH_18><DEPTH_23><DEPTH_44><DEPTH_8><DEPTH_95><DEPTH_62> <DEPTH_49><DEPTH_13> <DEPTH_86> ¢
DEPTH_71> <DEPTH_435><DEPTH_23><DEPTH_44 > <DEPTH_32><DEPTH_61> <DEPTH_56><DEPTH_77> <DEPTH_124 > <DEPT
H_51><DEPTH_68><DEPTH_44 > <DEPTH_76 > <DEPTH_31> <DEPTH_104 > <DEPTH_110><DEPTH_7> <DEPTH_122> <DEPTH_98
> <DEPTH_33> <DEPTH_16> <DEPTH_123><DEPTH_70 > <DEPTH_102><DEPTH_39> <DEPTH_15> <DEPTH_80> <DEPTH_122> <D
EPTH_57>«DEPTH_10><«DEPTH_15> <DEPTH_69> <DEPTH_90> <DEPTH_31><«DEPTH_32> <DEPTH_9> <DEPTH_80>«DEPTH_1
0><DEPTH_127><DEPTH_31> <DEPTH_99><DEPTH_14 > <DEPTH_75><DEPTH_60> <DEPTH_2> <DEPTH_61><DEPTH_122> <D
EPTH_78><DEPTH_30> <DEPTH_93><DEPTH_117><DEPTH_123><DEPTH_30><DEPTH_50> <DEPTH_END>. The trajectory of
the end effector s [[153,200],[153,204], [153,188],[140,135],[108,77]]. Based on these information, along with other images from
different camera views as additional information, the action that the robot should take is [[&IF, SL{°, &=, V¥, E2, 88, Y¥], [alL,
L, &, ¥, ifx, 8JH, Y¥], [441, GERC, 82¢, GLhC, SR, a4,  Y¥], (441, AL1g, &, AL E2, V¥, Skiij], [ajh, OLLL, BI£, SYAK, SERC, %=,
Btiij], [all, dL, alf, ith, iLl, &°3, 8kiij], [dkki, OLfL, 4K, iL¢, 7, &°3, dtiij], [Oh, ALiL, &,», iL¢, ith, a2t, dtiij]].

J
\
The task is wipe the table. What is the action that the robot should take. To figure out the action that the robot should
take to wipe the table, let’s think through it step by step. First, what is the depth map for the firstimage? Second, what is
the trajectory of the end effectorin the firstimage? Based on the depth map of the first image and the trajectory of the
end effector in the firstimage, along with otherimages from different camera views as additional information, what is
the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_85> <DEPTH_45> <DEPTH_116> <DEPTH_52> <DEPTH_7> <DEPTH_82> <DEPTH_121><DEPTH_78> ¢
DEPTH_90> <DEPTH_40><DEPTH_17><DEPTH_112>«DEPTH_27> <DEPTH_19> <DEPTH_46 > <DEPTH_41> <DEPTH_68> <DEPT
H_91><«DEPTH_126> <DEPTH_35> <DEPTH_2> ¢<DEPTH_4 > <DEPTH_19> <DEPTH_92><DEPTH_68><DEPTH_93><DEPTH_107>
<DEPTH_11><DEPTH_59> < DEPTH_98><DEPTH_18> < DEPTH_95> <DEPTH_1><DEPTH_118><DEPTH_53><DEPTH_15><DEPTH
_69><DEPTH_42><DEPTH_59><DEPTH_58> <DEPTH_27><DEPTH_30><DEPTH_40> <DEPTH_14> <DEPTH_113> <DEPTH_69>
<«DEPTH_91><DEPTH_42> <DEPTH_76><DEPTH_58><DEPTH_45> <DEPTH_4> «DEPTH_79> <DEPTH_124> <DEPTH_113> <DEP
TH_70><DEPTH_83><«DEPTH_58> <DEPTH_59> <DEPTH_37><DEPTH_32> <DEPTH_51> <DEPTH_82> <DEPTH_121> <DEPTH_9
3><DEPTH_41><DEPTH_102> <DEPTH_59> <DEPTH_110> <DEPTH_60><DEPTH_32><DEPTH_27><DEPTH_35><DEPTH_70><
DEPTH_122><DEPTH_115> <DEPTH_41><DEPTH_126 > <DEPTH_60> <DEPTH_37><DEPTH_3> <DEPTH_74 > <DEPTH_36> <DEPT
H_109><DEPTH_19 > <DEPTH_53><DEPTH_7><DEPTH_94 > <DEPTH_103><DEPTH_98 > <DEPTH_30> <DEPTH_94 3 <DEPTH_15
> <DEPTH_87><DEPTH_85><DEPTH_102><DEPTH_31> <DEPTH_81><DEPTH_17><DEPTH_28> <DEPTH_END>. The trajectory
of the end effector is [[94,131],[101,128],[88,132].[ 95,156],[79,91 Based on these information, along with other images from
different camera views as additional information, the action that the robot should take is [[a¥x, &k, &KT, al£, 13h, AL]', YY), [a-i,

al, atH, alE, h, 8L, Y¥], -1, aT, 4, 42¢, i3h, OLij3, Y¥], [a~T, 8T, &bH, &2¢, 5h, 8Lk, Y¥], [a-1, &, atH, alp, ish, dk¥”, Y¥], [4-1, &1,
atH, 82¢, 1, {2, Y¥], [a-i, BT, 44K, &k, 13h, &3A, Y¥], [a¥e, &1 4tH, alf, ig», &3H, Y¥]].

\

The task is put the bowl in the sink. What is the action that the robot should take. To figure out the action that the robot
should take to put the bowl in the sink, let's think through it step by step. First, what is the depth map for the first image?
Second, what is the trajectory of the end effector in the first image? Based on the depth map of the firstimage and the
trajectory of the end effector in the first image, along with other images from different camera views as additional
information, what is the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_74><DEPTH_61> <DEPTH_104> <DEPTH_86 > <DEPTH_70><DEPTH_41><DEPTH_102> <DEPTH_102
><DEPTH_90> <DEPTH_98><DEPTH_96><DEPTH_32> <DEPTH_13><DEPTH_50> <DEPTH_9> <DEPTH_93><DEPTH_71><DEP
TH_91> <DEPTH_102> <DEPTH_60> <DEPTH_8><DEPTH_85> <DEPTH_17><DEPTH_13><DEPTH_80> <DEPTH_63> <DEPTH_70
><DEPTH_3><DEPTH_23><DEPTH_34> <DEPTH_20><DEPTH_54><DEPTH_49> <DEPTH_21><DEPTH_3> <DEPTH_27><DEPT
H_71><DEPTH_18><DEPTH_23><DEPTH_44 > <DEPTH_8><DEPTH_95><DEPTH_62><DEPTH_49> <DEPTH_13><DEPTH_86><
DEPTH_71> <DEPTH_43><DEPTH_23> <DEPTH_44 > <DEPTH_32><DEPTH_61> <DEPTH_56><DEPTH_77> <DEPTH_124 > <DEPT
H_51><DEPTH_68><DEPTH_44><DEPTH_76><DEPTH_31> <DEPTH_104> ¢<DEPTH_110><DEPTH_7> «DEPTH_122> <DEPTH_98
> <DEPTH_33> <DEPTH_16> <DEPTH_123><DEPTH_70> <DEPTH_102><DEPTH_39> <DEPTH_15><DEPTH_80> <DEPTH_122><D
EPTH_57> <DEPTH_10><DEPTH_15> <DEPTH_69> <DEPTH_90> <DEPTH_31><DEPTH_32> <DEPTH_9> <DEPTH_90><DEPTH_1
0><DEPTH_127><DEPTH_31> <DEPTH_99> <DEPTH_14> <DEPTH_75><DEPTH_60> <DEPTH_2> <DEPTH_61><DEPTH_122><D
EPTH_78> «DEPTH_30> <DEPTH_93> «DEPTH_117><DEPTH_123><DEPTH_30><DEPTH_50> < DEPTH_END>. The trajectory of
the end effector s [[153,200],[153,204], [153,188],[140,135],[108,77]]. Based on these information, along with other images from
different camera views as additionalinformation, the action that the robot should take is [[&l1, 3L{°, &=, Y¥, E2, 4, Y¥], [alL,
BLLI, &, a¥=, ifi, 3JF, V¥], [a91, SENC, 42¢, AENC, OENC, 4GV, Y¥], [44F1, OLIg, ks, OLTL, E2, V¥, kiij], [4h, OLLI, Al£, SIBK, SENC, a¥=,
SLiij], [4ll, QL al, ifh, iL, a5, dtlij], [SLki, AL, &KL, iLC, i F, 4°%, okiij], [Oh, LiL, 4,», iLC, ifh, a2k, dtli]]. .

-

Figure A.11: Randomly selected examples from single-arm Franka demonstrations used in the post-training
stage.
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The task is lift the tray. What is the action that the robot should take. To figure out the action that the robot should take
tolift the tray, let's think through it step by step. First, what is the depth map for the firstimage? Second, what is the
trajectory of the end effector in the first image? Based on the depth map of the firstimage and the trajectory of the end
effector in the first image, along with otherimages from different camera views as additional information, what is the
action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_24 > <DEPTH_88><DEPTH_25> <DEPTH_90 > <DEPTH_91><DEPTH_110><DEPTH_53><DEPTH_80>
<DEPTH_126><DEPTH_120> <DEPTH_118><DEPTH_79> <DEPTH_2> <DEPTH_115> <DEPTH_83> <DEPTH_28 > <DEPTH_41><DE
PTH_31><DEPTH_34><DEPTH_40> <DEPTH_86 ><DEPTH_104> <DEPTH_32> <DEPTH_99><DEPTH_46> <DEPTH_96><DEPTH
_8><DEPTH_115><DEPTH_36 ><DEPTH_40><DEPTH_14> <DEPTH_65><DEPTH_20> <DEPTH_29> <DEPTH_24><DEPTH_10> <
DEPTH_993>«DEPTH_72><DEPTH_34> <DEPTH_40><DEPTH_84> <DEPTH_108 > <DEPTH_13> <DEPTH_26> «DEPTH_115> <DEP
TH_85><DEPTH_17> <DEPTH_56><DEPTH_36> <DEPTH_40><DEPTH_100> <DEPTH_37><DEPTH_2> <DEPTH_42><DEPTH_11
55<«DEPTH_94><DEPTH_92><DEPTH_57><DEPTH_124 > <DEPTH_40>«DEPTH_58> «DEPTH_100><DEPTH_64> <DEPTH_32>
<DEPTH_100><DEPTH_25> <DEPTH_99><DEPTH_107><DEPTH_97> <DEPTH_40><DEPTH_58> <DEPTH_93><DEPTH_43><D
EPTH_89> <DEPTH_12><DEPTH_75> <DEPTH_31> <DEPTH_82><DEPTH_34><DEPTH_120> <DEPTH_10> <DEPTH_75> <DEPTH
_4L><DEPTH_L8> <DEPTH_48><DEPTH_36> < DEPTH_78> < DEPTH_44> <DEPTH_121> <DEPTH_120> <DEPTH_29 > < DEPTH_12
0><DEPTH_120><DEPTH_40> <DEPTH_10><DEPTH_120> <DEPTH_120> <DEPTH_120> <DEPTH_35> <DEPTH_109> <DEPTH_E
ND>. The trajectory of the left end effector is [[66,175],[81,153],[78,155],[68,148],[76,127]]. The trajectory of the right end
effectoris [[153,126],[153,148],[153,167],[148,165],[153,131]]. Based on these information, along with other images from
different camera views as additional information, the action that the robot should take is [[|IN 479, &tH, i, OLK], AIE, Y¥, oL Ki,
Lk, AlE, OLxx, &KN, &), Y¥], [4]2, 4G4, 83H, 8V, aHs, i A, V¥, dLJ- ALkj, alE, ALkj, 4HF, il ¥, [6k°, Bkii, i}, 4°), AL, é=1], Y¥,
k¥, LK], KL, Ok¥ |, 4%4K, antl, V¥, ?a%K EY, &30, 4¥, aKVa, 1%, VY, ¥, 8ljh, 49V, 4,h, |iN éx°, Y¥], [6=1, anuK &2L, 8INI,
ag% V¥, VY, dI]NI OL¥, &¥=, 4JK, SIJBK, &=, V¥, [ik, i, &K, 417, a°3 egt, Y¥, 8LK], dLII anij, 4 g 88t Yy, [icd, kki, 81J°V,
fhL, OLj-, alg, Y¥, OLiI, OLLYs, &L, 9, i3h, iLe, Y¥], [iv4T, Lk, ale, V4T, 4iC, &1%, Y¥, SLiTJ, OLTJ, 4G, V4T, ig», alL, Y¥]].

The task is fold the towel. What is the action that the robot should take. To figure out the action that the robot should
take to fold the towel, let’s think through it step by step. First, what is the depth map for the first image? Second, what is
the trajectory of the end effector in the first image? Based on the depth map of the firstimage and the trajectory of the

end effector in the firstimage, along with other images from different camera views as additional information, what is
the action that the robot should take?

The depth map of the image is
<DEPTH_START > «DEPTH_27> <DEPTH_127> <DEPTH_66> <DEPTH_70> <DEPTH_107> <DEPTH_122> <DEPTH_93> <« DEPTH_80
><DEPTH_101><DEPTH_17> <DEPTH_108> <DEPTH_117> <DEPTH_13> <DEPTH_117> <DEPTH_117> <DEPTH_12> <DEPTH_84><D
EPTH_97><DEPTH_105><DEPTH_73> <DEPTH_27><DEPTH_26><«DEPTH_18><DEPTH_925 <DEPTH_555<DEPTH_2> <DEPTH__
26> <DEPTH_59> <DEPTH_105> <DEPTH_29 > <DEPTH_61><DEPTH_8><DEPTH_17><DEPTH_46 > <DEPTH_123> <DEPTH_4><D
EPTH_32><DEPTH_55><DEPTH_48><DEPTH_73><DEPTH_24><DEPTH_96><DEPTH_89><DEPTH_63><DEPTH_115><DEPT
H_41> <DEPTH_33> <DEPTH_124 > <DEPTH_101> < DEPTH_29> <DEPTH_69> < DEPTH_13> <DEPTH_13> < DEPTH_19> < DEPTH_23
><DEPTH_70><DEPTH_13> <DEPTH_57> <DEPTH_101> <DEPTH_73> <DEPTH_75> <DEPTH_117> <DEPTH_70> < DEPTH_89 > <DE
PTH_56> <DEPTH_103><DEPTH_3> <DEPTH_59 ><DEPTH_755<DEPTH_73> < DEPTH_103 > <DEPTH_111> <DEPTH_58> < DEPTH_
80><DEPTH_58><DEPTH_37> <DEPTH_59> <DEPTH_26><DEPTH_80> <DEPTH_73> <DEPTH_109 > <DEPTH_35> <DEPTH_98 »
<DEPTH_98> <DEPTH_58> <DEPTH_58><DEPTH_105><DEPTH_34 > <DEPTH_36 > <DEPTH_73><DEPTH_20> <DEPTH_73><DE
PTH_29> <DEPTH_73> <DEPTH_73> < DEPTH_73> <DEPTH_30> <DEPTH_73> < DEPTH_40> <DEPTH_73><DEPTH_END>. The
trajectory of the left end effectoris [[61,143],[51,170].[61,170],[69.,135],[105,147]]. The trajectory of the right end effector is
[[153,173],[161,174],[155,175],[156,175],[155,172] |. Based on these information, along with other i images from different camera
views as additional information, the action that the robot should take is [ [aJt, éx°, AL, dkkl, a4, Oij, V¥, 1%, 8L, dLKj a¥z, ing,
BLK], V¥, [aJt, &8t OL, Skk), &1V, amij, V¥, 63F1, dx¥ ", 3kY, 4'g, Al ALk, Y¥], [aJk, éx°, 8L, Btil, &1va, Y1, Y¥, &b, ik, 1L, O, (N i
Y¥], [4i¥, &x°, oL, Sk, i "r YY¥, 3K, 21, E2, OkkS, dLL@ aKT, Y¥], [aJt, a¢), okJ1, Sk, &1, OLLL, ¥, ale, 89y, 4°5, &=1], &°3, 4KT,
v¥], [adt, &lA, o1, dex SLhe, V¥, aly, alk, ai, ik=, 01] atH, v¥], [adt, ai¢, oL, OLI,(! alvi, B9, Y¥, 479, 82L, &K1, Vi, idl, &, h, Y¥]
[adt, aa, 3L, ALk, &lva, Ol V¥, alJs, &iv, ill, al), 8st, al£, v¥]).

/

Figure A.12: Randomly selected examples from bimanual Franka demonstrations used in the post-training
stage.
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The task is pour the water into the cup. What is the action that the robot should take. To figure out the action that the
robot should take to pour the water into the cup, let’s think through it step by step. First, what is the depth map for the
firstimage? Second, what is the trajectory of the end effector in the first image? Based on the depth map of the first
image and the trajectory of the end effector in the firstimage, along with other images from different camera views as
additional information, what is the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_5> <DEPTH_53> <DEPTH_57 > <DEPTH_57><DEPTH_57> <DEPTH_15> <DEPTH_15><DEPTH_41><DE
PTH_41><DEPTH_15><DEPTH_14><DEPTH_46><DEPTH_5> <DEPTH_46 > <DEPTH_46><DEPTH_53><DEPTH_53><DEPTH_57
><DEPTH_15><DEPTH_57><DEPTH_14><DEPTH_5><DEPTH_19> <DEPTH_53> <DEPTH_46><DEPTH_53><DEPTH_57> <DEPT
H_57><DEPTH_53><DEPTH_53><DEPTH_47><DEPTH_5><DEPTH_46> <DEPTH_45><DEPTH_47><DEPTH_92><DEPTH_14>
<DEPTH_775<DEPTH_15> <DEPTH_53><DEPTH_14><DEPTH_19> <DEPTH_106 > < DEPTH_115><DEPTH_37> < DEPTH_60> <DEP
TH_125> <DEPTH_44><DEPTH_6> <DEPTH_53> <DEPTH_9> <DEPTH_46> <DEPTH_118><DEPTH_7><DEPTH_78> <DEPTH_25>
<DEPTH_102><DEPTH_103> <DEPTH_47> <DEPTH_53><DEPTH_23><DEPTH_14><DEPTH_24 > <DEPTH_105> <DEPTH_87><D
EPTH_4><DEPTH_119><DEPTH_99> <DEPTH_113> <DEPTH_57 > <DEPTH_93><DEPTH_74><DEPTH_47> <DEPTH_88> <DEPTH
_6><DEPTH_36><DEPTH_31><DEPTH_74 > <DEPTH_113><DEPTH_106 > <DEPTH_27> <DEPTH_121> <DEPTH_66 > <DEPTH_110
><DEPTH_122><DEPTH_37> <DEPTH_32><DEPTH_71> <DEPTH_35> <DEPTH_86> <DEPTH_89> <DEPTH_8> <DEPTH_2><DEPT
H_2> «DEPTH_29> <DEPTH_29> <DEPTH_29> <DEPTH_29><DEPTH_17><DEPTH_21> <DEPTH_END>. The trajectory of the left
end effector is [[126,183],[126,178],[124,182],[124,178],[94,169]]. The trajectory of the right end effector is
[[178,157],[186.166].[188,178],[205,131],[188,125]] . Based on these information, along with other images from different camera
views as additional information, the action that the robot should take is [[V¥, &Kh, Y¥, OEh¢, %K, Oh, 417, Y¥, Y¥, &2t, agij, i*h,
OLP°, L], LG, i), [Y¥, oL, al£, als, &I£, als, a7, Y¥, Y¥, &2k, amij, ih, OLP, oL, OLIG, 3iij], [Y¥, 4,1, if®, 3LNC, 821, dLKE, Bk, V¥,
YY¥, 82, anij, i*h, OLP°, 8L, AL 19, dLm] [Y¥, a1 i, al§ QNI il &1, V¥, Y¥, &2, &mij, i3, 3LJ°, OL", dng Bkiij]. [Y¥. 8L« ije, SEKH,
821, i A, 4T, V¥, V¥, &2, amij, ih, OLP°, AL, AL, OLiij], [V¥, &, ije, LKA, V4T, i F, iLig, V¥, V¥, 3%, amj. i3h, 8L°, OLT, 8L1g, Stij],
[V, a4), SINI, 8LKH, &2L, 1" F), ésh, V¥, V¥, 42k, anij, h, OL{°, AL, ALIG, Ok lij], [V¥, ai«, o, kKA, ijs, i"F, AL, V¥, Y¥, a2k, anij, i5h,
8L, AL, ALIg, otiij]]."

\

The taskis clean the table. What is the action that the robot should take. To figure out the action that the robot should
take to clean the table, let's think through it step by step. First, what is the depth map for the first image? Second, what
is the trajectory of the end effector in the first image? Based on the depth map of the first image and the trajectory of
the end effectorin the first image, along with other images from different camera views as additional information, what
is the action that the robot should take?

The depth map of the image is

<DEPTH_START > <DEPTH_7> <DEPTH_5><DEPTH_5><DEPTH_84 > <DEPTH_5><DEPTH_84> <DEPTH_19><DEPTH_5> <DEPTH
_47><DEPTH_5><DEPTH_41><DEPTH_19><«DEPTH_0> <DEPTH_47><DEPTH_47> <DEPTH_24><DEPTH_14><DEPTH_O0> <DEP
TH_47><DEPTH_5><DEPTH_69><DEPTH_106 > <DEPTH_106><DEPTH_65> < DEPTH_118> <DEPTH_27 > <DEPTH_62><DEPTH_
55> <DEPTH_9><DEPTH_115><DEPTH_69>«DEPTH_52> «DEPTH_62><«DEPTH_6><DEPTH_57> <DEPTH_48> <DEPTH_115><D
EPTH_28><DEPTH_114><DEPTH_27> <DEPTH_93><DEPTH_88> <DEPTH_0><DEPTH_42><DEPTH_10> <DEPTH_105><DEPTH
_40><DEPTH_103> <DEPTH_26 > <DEPTH_9> < DEPTH_69> <DEPTH_27> <DEPTH_120><DEPTH_21><DEPTH_49> <DEPTH_112
><«DEPTH_60><DEPTH_67><DEPTH_28><DEPTH_94 > <DEPTH_82><DEPTH_88> <DEPTH_124> <DEPTH_38><DEPTH_27><D
EPTH_50><DEPTH_49><DEPTH_4><DEPTH_16><DEPTH_47> <DEPTH_84><DEPTH_62><DEPTH_96 > <DEPTH_4><DEPTH_1
1><DEPTH_87> <DEPTH_13><DEPTH_67> <DEPTH_108> <DEPTH_57 > <DEPTH_79> < DEPTH_110 > <DEPTH_36 > <DEPTH_39> <D
EPTH_43> <DEPTH_97> ¢<DEPTH_75><DEPTH_114> <DEPTH_26><DEPTH_21> <DEPTH_2><DEPTH_73> <DEPTH_28 > <DEPTH_
2><DEPTH_28><DEPTH_29><DEPTH_29><DEPTH_2> <DEPTH_2><DEPTH_33><DEPTH_END>. The trajectory of the leftend
effector is [[78,187],[74,204],[95,125],[123,135],[109,129]]. The trajectory of the right end effector is
[[181,129],[78,204],[181,129],[180,125],[181,127]]. Based on these information, along with other images from different camera
views as additional information, the action that the robot should take is [[Y¥, &%, 41§, &=1J, O, ik®, &I, Yy, Y¥ 4°G, 8ENC, iah,
8iVa, (N, 8kh=, 8kiij], [Y¥, &1V, 418, ing, O, E], ALic, V¥, Y¥, 4G, OERC, i, &%, (IN, 8kh=, 3kiij], [Y¥, &1V, aus, »g, O, Lo, &
4°G, 8Lhe, an, &%, fIN, 8ths, dkij], [Y¥ &Mz, alJ§, I»g, O, |kw 4¥0, Y¥, Y¥, &G, Skne, iah, &%, N, dths, Stlij], Y¥ aivz, ald, l»g OI
ik®, &L, Y¥, V¥, 3G, 8ENC, Tnh, &i4, (N, 8khz, 8klij], [Y¥, 8V, atH, i»g, Ol ik®, &Li«, Y¥, Y¥, 4G, SERC, ah, &4, iIN, 8khz, dtlij], [Y¥,
a"/z als, ik=, 0, EJ OLLY2, Y¥, VY, 4°G, OLh¢, iah, &%, N, 3kh=, dkiij], [a‘/zL &fvs, ale, AL1G, 6F, 1§O, OLK], V¥, Y¥, &°G, OLhe, iah,
&k, iIN, k=, aklij]]."

Figure A.13: Randomly selected examples from Rainbow demonstrations used in the post-training stage.
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Chapter B

Appendix: Storing and Representing

Memory for Robotics Foundation Models

B.1 Appendix

B.1.1 Overview

This appendix expands on the chapter with additional details, experiments, and qualitative results. It covers:

* Detailed model-architecture descriptions of the multi-view transformer, memory attention, memory

encoder, and memory bank (§B.1.2).
* Training implementation details and hyperparameters for both SAM2Act and SAM2Act+ (§B.1.3).

* Full per-task comparisons on RLBench, including all baselines beyond 3D keyframe-based BC policies

(§B.1.4).
* Full per-task results on The Colosseum across all 13 perturbation factors (§B.1.5).
* Ablations on the SAM?2 image encoder and multi-resolution upsampling (§B.1.6).
¢ Detailed task summaries for the 18 RLBench tasks (§B.1.7).

* Detailed task descriptions for the three MemoryBench tasks and the reopen_drawer update

(§B.1.8, §B.1.9).
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* Real-world experimental setup and per-task descriptions (§B.1.10).

B.1.2 Model Architecture

We explain our model architecture in detail, including the multi-view transformer, memory attention, memory

encoder, and memory bank. The multi-resolution upsampling is already explained in §3.4.1.

Multi-View Transformer. The two MVTs used in the coarse and fine branches share the same architecture.
Very similar to the MVT proposed by Goyal et al. [2023], the input to the transformer consists of a language
description of the task, virtual images of the scene point cloud, and the image embeddings (at the lowest
resolution) generated by the SAM?2 image encoder. The text is transformed into token embeddings using the
pre-trained CLIP [Radford et al., 2021a] model, while the virtual images are converted into token embeddings
through patchify and projection operations. Similarly, the image embeddings are converted into token
embeddings via a projection layer. For each virtual image, tokens corresponding to the same image are
processed through four attention layers. Finally, the processed image tokens, along with the language tokens,
are jointly processed using an additional four attention layers. The resulting image tokens are then used to

infer the 3D action.

Memory Attention. Akin to the memory attention in SAM2 [Ravi et al., 2024], the purpose of this module
is to condition the current observation features on both past observation features and predicted actions,
specifically translation. Notably, features from each view are processed independently. We stack four
transformer blocks, with the first one taking the image-embedding output of the MVT from the current
observation as input. Each block applies self-attention, followed by cross-attention to memories of past
observation features and predicted actions stored in a memory bank (described below), and ends with a
multi-layer perceptron (MLP). For both self- and cross-attention, we use vanilla attention operations, enabling
us to leverage recent advances in efficient attention kernels [Dao, 2023]. In addition to sinusoidal absolute
positional embeddings, 2D spatial Rotary Positional Embeddings (RoPE) [Su et al., 2021; Heo et al., 2024]
are incorporated in both self-attention and cross-attention layers. We also reduce the dimension size from the

original 256 to 128 to align with the image-embedding dimension of the MVT output.
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Memory Encoder. The memory encoder constructs memory features by downsampling the output transla-
tion heatmap using a convolutional module and summing it element-wise with the unconditioned observation
embedding from the multi-view transformer (not shown in Figure 3.4). This is followed by lightweight
convolutional layers to integrate the information. Instead of employing an additional image encoder, our
memory encoder reuses the image embeddings produced by the MVT (not the SAM2 image encoder) and
fuses them with the predicted translation information to generate memory features. This design enables the
memory features to leverage rich representations that incorporate language, semantic, and spatial features
from multiple views, making them more suitable for encoding action memories. Originally, this module was
designed to encode an image embedding with multiple object masks within the same frame. However, we do
not utilize this functionality. Instead, we encode one memory per view, where each memory is generated by

encoding a single heatmap with a corresponding image embedding from each view.

Memory Bank. The memory bank preserves past translation predictions associated with previous obser-
vations in the video by maintaining a FIFO queue of up to N recent memories. Each view has its own
independent memory bank, as memories are stored and retrieved separately for different views. These
memories are represented as spatial feature maps. Additionally, in our memory bank, the memory features

are projected to a dimension of 64.

B.1.3 Training Implementation

All models are trained on 32 NVIDIA H100/A100 GPUs. In some cases, we also train on 16 or 8 NVIDIA

H100/A100 GPUs, but we ensure fairness by maintaining the same total batch size across all settings.

SAM2Act

We use the same data and demo augmentation methods and training pipeline as in RVT-2 [Goyal et al.,
2024] to train SAM2Act (stage 1). The training hyperparameters are shown in Table B.1. We use this set of

hyperparameters to train on RLBench and The Colosseum.
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Table B.1: Training hyperparameters of SAM2Act on RLBench and The Colosseum. The batch
size is the total batch size across all GPUs. For the learning rate, we follow the scaling strategy used in
RVT-2 [Goyal et al., 2024], where the learning rate is scaled by the batch size as 1.25e—5 X bs.

Hyperparameter SAM2Act training
Batch size 256
Learning rate 3.2e-3
Optimizer LAMB
Learning-rate schedule cosine decay
Weight decay le—4
Warmup steps 2000
Training steps 56.25K
Training epochs 90

LoRA rank 16

SAM2Act+

We use a different strategy for sampling a batch of data for training. Previous sampling strategies randomly
select a batch of independent observations, allowing the model to predict the next action based on each
observation independently. However, for SAM2Act+, we aim for the agent to predict the next action based
on both the current and past observations. To achieve this, we must sample a batch of data that is spatio-
temporally consistent. To implement this, we randomly sample n consecutive observations from a random
episode. The forward pass is then performed sequentially from the first to the last observation. The details of

the forward pass are provided in Algorithm 1.

When adopting this new sampling method during training, one immediate effect is a significant reduction
in data diversity per batch. This can be detrimental, especially when dealing with tasks with numerous
variations. We attempted to train the standard SAM2Act model on RLBench tasks using this new sampling
method, but the convergence time was excessively long. To address this, we propose a new training pipeline:
first, we pre-train the model using the previous sampling method, then fine-tune it with the new sampling
approach. This strategy effectively mitigates the issue of slow convergence, significantly reducing training
time.

As mentioned in §3.5.4, we train all methods on MemoryBench in a single-task setting. However,
finding a training configuration that optimizes all tasks is challenging. To address this, we use a universal set
of hyperparameters for training but evaluate models across all epochs and select the best-performing one

for evaluation. We follow the same approach to determine the optimal pre-trained weights for SAM2Act
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Table B.2: Training hyperparameters of SAM2Act and SAM2Act+ on MemoryBench. The batch size
is the total batch size across all GPUs. For SAM2Act+ training on the reopen_drawer task, we use a
maximum window size of 8, resulting in a per-GPU batch size of 8 and a total batch size of 256. Similarly,
for the other two tasks, where the maximum window size is 10, the total batch size is 10 X 32 = 320. The
learning rate follows the same scaling rule as in Table B.1.

Hyperparameter SAM2Act training SAM2Act+ training

Batch size 256 256 (reopen_drawer), 320 (other two)
Learning rate 3.2e—3 3.2e—3 (reopen_drawer), 4e—3 (other two)
Optimizer LAMB LAMB

Learning-rate schedule cosine decay cosine decay

Weight decay le—4 le—4

Warmup steps 2000 2000

Training steps 6.25K 12.5K

Training epochs 10 20

LoRA rank 16 16

before fine-tuning on SAM2Act+. In addition, the window size of the memory mechanism is decided to
be different for each task in MemoryBench. We keep the batch size the same as the window size during
training, and thus the learning rate will be a bit different as it is related to the batch size. The detailed training

hyperparameters are listed in Table B.2.

B.1.4 Full Comparisons for RLBench 18 Tasks

The full comparisons of SAM2Act with existing approaches on RLBench 18 tasks are shown in Table B.3.

B.1.5 Full Results for The Colosseum

The full results of SAM2Act on The Colosseum are shown in Table B .4.

B.1.6 Ablation on SAM2Act
RLBench

We conduct ablation experiments on the proposed SAM2Act, focusing on two key aspects: the SAM?2 image

encoder and multi-resolution upsampling. We evaluate the model under three different configurations:
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Table B.3: Full comparisons of multi-task performance on RLBench. We evaluate 18 RLBench
tasks [James et al., 2020], reporting success rates across all tasks among all existing approaches, not limited
to 3D keyframe-based behavior-cloning (BC) policies. We report stats over 4 evaluations for SAM2Act. Our
method, SAM2Act, outperforms all baselines, achieving a performance margin of 1.9% over ARP* [Zhang
et al., 2024b], the prior state-of-the-art approach.

Method Avg. Success T Avg. Rank | Close Jar Drag Stick  Insert Peg  Meat off Grill Open Drawer Place Cups Place Wine Push Buttons
Image-BC (CNN) [Jang et al., 2022b] 1.3 12.4 0.0 0.0 0.0 0.0 4.0 0.0 0.0 0.0
Image-BC (ViT) [Jang et al., 2022b] 1.3 12.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C2F-ARM-BC [James et al., 2021] 20.1 11.5 24.0 24.0 4.0 20.0 20.0 0.0 8.0 72.0
HiveFormer [Guhur et al., 2022] 453 9.6 52.0 76.0 0.0 100.0 52.0 0.0 80.0 84.0
PolarNet [Chen et al., 2023] 46.4 9.1 36.0 92.0 4.0 100.0 84.0 0.0 40.0 96.0
PerAct [Shridhar et al., 2023] 49.4+43 8.9 552+4.7 89.6+4.1 56+4.1 70.4£2.0 88.0+5.7 24+32 448+78 92.8+3.0
Act3D [Gervet et al., 2023] 65.0 6.8 92.0 92.0 27.0 94.0 93.0 3.0 80.0 99.0
RVT [Goyal et al., 2023] 62.9+3.7 6.9 52025 99.2+ 1.6 11.2+3.0 88.0+25 712+£69 40£25 91.0+5.2 100.0 £0.0
RVT-2 [Goyal et al., 2024] 81.4+3.1 3.7 100.0 +0.0 99.0+ 1.7 40.0+0.0 99.0+ 1.7 740£11.8 38.0+45 95.0+3.3 100.0 £0.0
3D Diffuser Actor [Ke et al., 2024] 81.3 39 96.0+2.5 100.0+0.0  65.6*4.1 96.8+ 1.6 89.6+4.1 240+7.6 93.6+4.8 98.4+2.0
3D-LOTUS [Garcia et al., 2024] 83.1 37 96.0+0.0 100.0 £ 0.0 69.6+3.6 98.4+22 85.6+73 40.8+12.1 91.2+6.6 100.0 £0.0
ARP" [Zhang et al., 2024b] 84.9 32 95.2 99.2 8.4 97.6 92.8 48.8 96.0 100.0
SAM-E [Zhang et al., 2024a] 70.6+0.7 4.8 824+3.6 100.0 £ 0.0 184+4.6 952+33 952+52 0.0+0.0 94.4+4.6 100.0 £0.0
SAM2Act (Ours) 86.8+0.5 3.1 99.0+2.0 99.0+2.0 84.0+5.7 98.0+2.3 83.0+6.0 47.0+6.0 93.0+3.8 100.0 + 0.0
Method Put in Cupboard Putin Drawer Putin Safe Screw Bulb  Slide Block Sort Shape Stack Blocks ~ Stack Cups  Sweep to Dustpan Turn Tap
Image-BC (CNN) [Jang et al., 2022b] 0.0 8.0 4.0 0.0 0.0 0.0 0.0 0.0 0.0 8.0
Image-BC (ViT) [Jang et al., 2022b] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 16.0
C2F-ARM-BC [James et al., 2021] 0.0 4.0 12.0 8.0 16.0 8.0 0.0 0.0 0.0 68.0
HiveFormer [Guhur et al., 2022] 32.0 68.0 76.0 8.0 64.0 8.0 8.0 0.0 28.0 80.0
PolarNet [Chen et al., 2023] 12.0 32.0 84.0 44.0 56.0 12.0 4.0 8.0 52.0 80.0
PerAct [Shridhar et al., 2023] 280+4.4 51.2+47 84.0+3.6 17.6+£2.0 74.0+13.0 16.8+4.7 264+32 24+20 52.0+0.0 88.0+4.4
Act3D [Gervet et al., 2023] 51.0 90.0 95.0 47.0 93.0 8.0 12.0 9.0 92.0 94.0
RVT [Goyal et al., 2023] 49.6+3.2 88.0+5.7 91.2+3.0 48.0+5.7 81.6+54 36.0+25 288+3.9 264+8.2 72.0+0.0 93.6+4.1
RVT-2 [Goyal et al., 2024] 66.0+4.5 96.0+0.0 96.0+2.8 88.0+4.9 92.0+2.8 35.0+7.1 80.0+28 69.0+5.9 100.0 0.0 99.0+ 1.7
3D Diffuser Actor [Ke et al., 2024] 85.6+4.1 96.0+3.6 97.6+2.0 82420 97.6+3.2 440+4.4 68.3+3.3 47.2+8.5 84.0+4.4 99.2+ 1.6
3D-LOTUS [Garcia et al., 2024] 78.4+4.6 97.6+3.6 952+3.4 88.8+3.4 99.2+1.8 344+4.6 58.4+83 75277 96.0+2.8 90.4+4.6
ARP" [Zhang et al., 2024b] 69.6 98.4 86.4 89.6 92.8 46.4 63.2 80.0 97.6 96.0
SAM-E [Zhang et al., 2024a] 64.0+2.8 92.0+5.7 952433 784+3.6 952+ 1.8 344+6.1 26.4+4.6 0.0+0.0 100.0 £0.0 100.0 £0.0
SAM2Act (Ours) 75.0+3.8 99.0+2.0 98.0+2.3 89.0+2.0 86.0+4.0 64.0+£4.6 76.0£8.6 78.0+4.0 99.0+2.0 96.0+5.7

* Replacing the SAM2 image encoder with the SAM image encoder, which requires removing the

multi-resolution upsampling since the SAM image encoder does not produce multi-resolution outputs.

* Replacing the multi-resolution upsampling with the original convex upsampling from RVT-2 [Goyal

et al., 2024].

* Replacing the multi-resolution image-embedding inputs from SAM2 with single-resolution inputs,

while retaining the multi-resolution upsampling module.

Note that SAM-E [Zhang et al., 2024a] proposed a 3D behavior-cloning policy that integrates RVT and the

SAM image encoder, along with an action-sequence policy head. We attempted to extend this method to the

more powerful RVT-2 backbone for comparison. However, its action-sequence policy proved incompatible

with the coarse-to-fine pipeline, resulting in very slow convergence under SAM-E’s training setup. To ensure

a fair comparison, we also extended SAM-E while keeping its original hyperparameters (notably, a LoRA

rank of 4, whereas ours is 16). We trained both versions and found that SAM-E’s configuration performed

better. Therefore, we adopted their configuration and reported the results accordingly, which also applies to
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Table B.4: Full results of SAM2Act for various perturbations on The Colosseum. Mean and standard
deviation of 3 evaluations are reported. “~" indicates that the perturbation is not applicable to the given task.

Task name No Var. All Var. MO Color RO Color MO Texture RO Texture MO Size RO Size  Light Color  Table Color  Table Texture  Distractor ~ Background Texture ~Camera Pose
basketball_in_hoop 100.0£0.0 30.7+£23 973%23 100.0£0.0 973£23 - 100.0£00 86.7+23 100.0£0.0 100.0£0.0 100.0£0.0 94.7+4.6 100.0£0.0 100.0£0.0
close_box 89.3+6.1 61.3+6.1 853+6.1 - - - 90.7+6.1 - 90.7+23 853423 81.3+23 93.3+46 97.3+4.6 92.0+69
close_laptop_lid 96.0 0.0 60.0+0.0 100.0+0.0 - - - 93.3+11.5 96.0+0.0 84.0+0.0 933423 96.0+0.0 96.0+0.0
empty_dishwasher 0.0£0.0 13£23 0.0+0.0 - 0.0£0.0 13+£23 0.0+0.0 0.0+0.0 0.0£0.0 0.0+0.0
get_ice_from_fridge 933146 41.3+23 92.0%0.0 + 89.3+23 - 84.0+£6.9 98.7+23 94.7+23 933423 100.0+0.0
hockey 16.0£4.0 0.0£0.0 30.7+23 147+£23 - 9.3+4.6 18.7+£4.6 520+6.9 26.7+4.6 6.7+4.6 40.0+6.9
meat_on_grill 98.7+£23 347+£23 100.0£0.0  100.0£0.0 - - 98.7+2.3 69.3+9.2 76.0+4.0 100.0£0.0 98.7+23
move_hanger 1.3+£23 12000 32.0+00 0.0+0.0 - - - - 64.0+0.0 44.0+6.9 36.0+6.9 37.3£185
wipe_desk 0.0+0.0 0.0+0.0 0.0+0.0 - 0.0+0.0 - 0.0£0.0 - 0.0+0.0 0.0+0.0 0.0+0.0 0.0£0.0 0.0+0.0
open_drawer 94.7£23 70.7£6.1 96.0+ 0.0 - - - 92.0+0.0 - 88.0+0.0 88.0+0.0 100.0+0.0 853+23 90.7+4.6
slide_block_to_target 120£0.0 293%115 427146 - 253+4.6 - - - 40.0£0.0 90.7+23 493492 18.7+£23 24.0%0.0
65.3+14.0 1.3+23 547+4.6 80.0£10.6 51.7+£4.0 69.3+2.3 520£27.7 373%23 76.0+6.9 81.3+12.2 70.7+26.6 65.3+8.3 70.7+£16.2 5874162
747423 20.0+4.0 547+83  52.0+10.6 373423 66.7 +14.0 69.3+23 - 733115 69.3+23 76.0+20.8 77.3+14.0 50.7+23.4 453+18.5
98.7+23 38.7+4.6 81.3+23 853423 - 96.0+6.9 90.7+4.6  973+4.6 86.7+4.6 88.0+0.0 97.3+4.6 86.7+4.6 92.0+69 69.3+39.3
insert_onto_square_peg 88.0£69 46.7+39.3  60.0+4.0 98.7+23 - 69.3+4.6 587423 61.3%6.1 80.0+0.0 82.7+4.6 64.0+4.0 587423 90.7+23 82.7+23
stack_cups 89.3+4.6 1.3+23 88.0£0.0 - 78.7+23 - 533%115 - 88.0£0.0 613123 46.7+23 733+254 81.3+£23 84.0+£0.0
turn_oven_on 96.0£0.0 72.0%£0.0 920+6.9 - - - 88.0£0.0 - 89.3+4.6 96.0 0.0 98.7+23 96.0+0.0 96.0+0.0 98.7+23
straighten_rope 787492 6.7+23 65.3+4.6 - 70.7+4.6 - - - 84.0+0.0 64.0+0.0 61.3+23 493423 90.7+9.2 76.0+0.0
setup_chess 10.7+2.3 0.0+0.0 12.0+0.0 187423 16.0£0.0 - 267423 - 227423 347+115 20.0+6.9 227446 28.0+69 267423
scoop_with_spatula 92.0+6.9 10.7+23 96.0+6.9 89.3+23 88.0£6.9 92.0+69 947492 787423 78.7+4.6 81.3+4.6 76.0+6.9 640169 96.0+0.0 94.7+4.6

Table B.5: SAM2Act ablation performance on RLBench. We report the success rates for 18 RLBench
tasks [James et al., 2020], along with the average success rate and ranking across all tasks. The table shows
that SAM2Act outperforms all of its variations.

Method Avg. Success T Avg. Rank | Close Jar  Drag Stick  Insert Peg  Meat off Grill Open Drawer  Place Cups Place Wine Push Buttons
SAM2Act (SAM2 — SAM) 80.8+ 1.4 4.1 96.0 0.0 98.0+23 350£5.0 99.0£2.0 80.0+3.3 340+33 92.0+4.6 100.0 £ 0.0
SAM2Act (SAM2 — Depth Anything V2) 792+15 44 95.0+2.0 96.0+3.3 65.0+3.8 96.0+3.3 80.0%£3.3 28.0+4.6 90.0+3.8 100.0 0.0
SAM2Act (SAM2 — DINOv2) 80.0+1.0 4.0 95.0+3.3 100.0 £ 0.0 65.0+3.3 95.0+2.0 86.0+3.8 35.0%5.0 90.0+4.6 100.0 £ 0.0
SAM2Act (Original Upsampling) 84.2+04 35 100.0+0.0  100.0 +0.0 80.0+£3.3 96.0+3.3 87.0+£3.8 380+5.0 91.0+38 100.0 £ 0.0
SAM2Act (w/o Multi-res Input) 85.7+0.3 2.7 99.0+2.0 96.0+0.0 86.0+8.3 98.0+2.3 99.0£2.0 43.0+10.5 96.0 0.0 100.0 0.0
SAM2Act 86.8 +0.5 2.3 99.0+2.0 99.0£2.0 84.0+£5.7 98.0+2.3 83.0£6.0 47.0+6.0 93.0+3.8 100.0 £ 0.0
Method Put in Cupboard Putin Drawer Putin Safe Screw Bulb  Slide Block Sort Shape Stack Blocks ~ Stack Cups  Sweep to Dustpan Turn Tap
SAM2Act (SAM2 — SAM) 720£8.6 94.0+2.3 99.0+2.0 92.0+5.7 97.0+3.8 41.0+3.8 73.0+£38 71.0£2.0 96.0+3.3 95.0+2.0
SAM2Act (SAM2 — Depth Anything V2) 78.0+23 96.0+3.8 95.0+2.0 90.0+2.3 67.0£2.0 45.0+5.0 60.0+3.3 91.0+2.0 100.0 0.0 90.0+4.0
SAM2Act (SAM2 — DINOv2) 80.0+33 99.0+2.0 93.0+3.8 89.0£2.0 77.0£2.0 49.0+8.2 69.0+£5.0 79.0+6.8 94.0+23 920+3.3
SAM2Act (Original Upsampling) 69.0£5.0 98.0+2.3 96.0+3.3 84.0+3.3 99.0+2.0 52.0+3.3 71.0£3.8 80.0%£3.3 99.0+2.0 87.0+£6.0
SAM2Act (w/o Multi-res Input) 72.0+4.6 100.0 £ 0.0 96.0 £ 4.6 87.0£2.0 82.0%52 54.0%52 740%23 90.0£6.9 97.0+38 920+4.6
SAM2Act 75038 99.0+2.0 98.0+23 89.0%£2.0 86.0+4.0 64.0 4.6 76.0 8.6 78.0+4.0 99.0+2.0 96.0 +5.7

§3.5.3. For all other ablation experiments, the training configuration is kept the same.

Ablation results on RLBench are presented in Table B.5. All variants of SAM2Act exhibit lower
performance than the original version. Removing SAM2’s multi-resolution image-embedding inputs results
in a 1.1% drop in the average success rate. Replacing the entire multi-resolution upsampling with the original
convex upsampling leads to a 2.6% decrease. Substituting the SAM?2 image encoder with the SAM image
encoder [Kirillov et al., 2023] causes a 6.0% drop compared to SAM2Act and a 3.4% drop compared to
SAM?2Act with the original convex upsampling, where the only differences are the image encoder and some
training hyperparameters. In the same setting, we further replace the SAM2 image encoder with more recent
image encoders, DINOv2 [Oquab et al., 2023] and Depth Anything V2 [Yang et al., 2024], both of which
show a large drop compared to the original SAM2Act. These results indicate that all of our architectural

innovations significantly enhance the agent’s ability across multiple manipulation tasks.
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Table B.6: The 18 RLBench tasks for the multi-task experiment. We report the language template, the

average number of extracted keyframes, the number of task variations, and the variation type.

Task name Language template Avg. keyframes  # variations  Variation type
put in drawer “put the item in the __ drawer” 12.0 3 placement
reach and drag “use the stick to drag the cube onto the __ target” 6.0 20 color

turn tap “turn _ tap” 2.0 2 placement
slide to target “slide the block to __ target” 4.7 4 color

open drawer “open the __ drawer” 3.0 3 placement
put in cupboard “put the __ in the cupboard” 5.0 9 category
place in shape sorter ~ “put the __ in the shape sorter” 5.0 5 shape

put money in safe “put the money away in the safe on the __ shelf” 5.0 3 placement
push buttons “push the __ button, [then the __ button]” 3.8 50 color

close jar “close the __ jar” 6.0 20 color

stack block “stack __ __ blocks” 14.6 60 color, count
place cups “place __ cups on the cup holder” 11.5 3 count

place wine at rack “stack the wine bottle to the __ of the rack” 5.0 3 placement
screw bulb “screw in the __ light bulb” 7.0 20 color
sweep to dustpan “sweep dirt to the __ dustpan” 4.6 2 size

insert peg “put the ring on the __ spoke” 5.0 20 color

meat off grill “take the __ off the grill” 5.0 2 category
stack cups “stack the other cups on top of the __ cup” 10.0 20 color

The Colosseum

We also conducted the same ablation experiments on The Colosseum generalization benchmark. The
experimental setup remains the same as in Table B.5, except that we did not test the variant of SAM2Act with
the original convex upsampling. The results show that removing SAM2’s multi-resolution image-embedding
inputs leads to a 14.8% drop in performance, representing a relative decrease of 344.2%. This highlights
the effectiveness of SAM2’s multi-resolution image embeddings in providing robust visual representations,

significantly enhancing SAM2Act’s generalization ability.

B.1.7 RLBench Tasks

We follow the multi-task, multi-variation simulated experiment setup of PerAct [Shridhar et al., 2023],
RVT [Goyal et al., 2023], and RVT-2 [Goyal et al., 2024], using 18 RLBench tasks with 249 unique variations
in object placement, color, size, category, count, and shape. A summary of the 18 RLBench tasks is provided

in Table B.6. For a more detailed description of each task, please refer to PerAct [Shridhar et al., 2023].
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B.1.8 MemoryBench Tasks

In the following, we provide details of the MemoryBench tasks.

(a) Reopen drawer. The robot is instructed to remember the drawer slot that was initially opened, close it,
then press the button on the table, before locating the previously opened drawer to re-open it.
Success metric. The task is considered successful once the initially opened drawer has been re-opened.
Objects. A drawer and a button.  Variation number. 3. Keyframes. 8.
Language instruction. “Close the drawer, then re-open the previously opened drawer while pushing the

button in between.”

(b) Put block back. The robot is instructed to move the block to the centre, then push the button, and then
move the block back to its initial position.

Success metric. The task is considered successful once the initial block has been moved back to its initial
pose.

Objects. Four patches, one block, and one button. Variation number. 4. Keyframes. 11.

Language instruction. ‘“Put the block to the centre and then back to its initial position while pushing the

button in between.”

(c) Rearrange block. The robot is instructed to move the block in the centre to the empty patch, then press
the button, and then move the alternative block to the centre.
Success metric. The task is considered successful once the alternative block has been moved to the centre.
Objects. Two patches, two blocks, and one button. Variation number. 2.  Keyframes. 10.
Language instruction. “Move the block not on the patch to the empty patch, then press the button, then

move the block that has not been moved off the patch.”

B.1.9 MemoryBench Update

We updated the reopen_drawer task in MemoryBench for the following reasons. During training on
the original data, we observed that the gripper often collided with the drawer handle when closing the drawer.

To prevent this, we introduced an additional waypoint for the closing motion, mirroring the procedure used

177



Table B.7: Properties of the real-world tasks. We report the language template, the average number of
extracted keyframes, the number of items the robot can interact with, the task variations, and the variation

type.

Task name Language template # keyframes  #items # variations Variation type
(a) turn on the lamp “turn on the lamp” 4.5 1 1 placement
(b) push buttons in sequence  “push the red button, then the green button” 5 3 1 placement
(c) stack cubes “stack the __ cube on the __ cube” 4.0 5 3 category, placement
(d) push the right button “push the button closest to the blue block” 6 3 1 color, placement

for opening the drawer. Consequently, we retrained all policies specifically on this updated task. Furthermore,
to standardize the memory window size across all three tasks, we also retrained SAM2Act+ on this task using

a window size of 10, which led to improved performance. All results are updated to Table 3.3.

B.1.10 Real-World Experiments

In the following, we provide details of the real-world setup and tasks. Figure B.1 illustrates the real-world

setup. Table B.7 summarizes the properties of the real-world tasks.

(a) Turn on the lamp. The robot is instructed to turn on a lamp by rotating its knob.
Success metric. The task is considered successful once the lamp has been turned on by rotating the knob.
Objects. A single lamp. Coordination challenges. High precision is required to properly rotate the knob.

Language instruction. “Turn on the lamp.”

(b) Push buttons in sequence. The robot must press the red button first and then the blue button.

Success metric. The task is considered successful if the buttons are pressed in the specified order: red,
then blue. A third button is present but should remain unpressed. Objects. Three buttons in front of the
robot. Coordination challenges. Ensuring the robot presses the correct buttons in sequence without pressing
the third button.

Language instruction. “Push the red button and then the blue button.”

(c) Stack blocks. The robot must place one specified block on top of another specified block.
Success metric. The task is successful if the designated block is stacked on the correct target block.

Objects. Three single-colored blocks. Coordination challenges. Precision in picking and placing, plus
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Figure B.1: Real-world robot setup. A Franka Panda robot with a Robotiq gripper. A RealSense D455
depth sensor captures the scene.

correct language understanding to identify which block goes where.

Language instruction. “Stack the <item> block on the <item> block.”

(d) Push the same button. The robot must first identify and press the button closest to the blue block, then
press the same button again after the block is removed.

Success metric. The task is successful if the robot presses the correct button twice. Pressing the other
button at any point results in failure. Objects. Two buttons and one blue block (marking proximity).
Coordination challenges. After the first button press, the blue block is removed; the robot must remember the
button location to press it again.

Language instruction. “Push the button that is closest to the blue block. Press the same button again.”
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Chapter C

Appendix: Moving from Binary Success to

Non-Scalar Feedback

C.1 Appendix

C.1.1 Overview

This appendix expands on the chapter with additional details, experiments, and qualitative results. It covers:
* Failure taxonomy with reference coordinate systems (§C.1.2).
* The FailGen data-generation pipeline with example configuration files (§C.1.3).

* Additional details on the AHA dataset, including the data distribution and example failure-mode

collages (§C.1.4).

» Additional experimental results, including viewpoint, uncertainty, and base-LLM ablations, along with

qualitative comparisons (§C.1.5).
* VLM reward-generation rollouts, modified reward functions, and ManiSkill task details (§C.1.6).
* VLM task-plan generation rollouts, modified plans, and PyBullet task details (§C.1.7).

* VLM sub-task verification rollouts and RLBench task details (§C.1.8).
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* Limitations and opportunities (§C.1.9).

C.1.2 Failure Taxonomy

We conducted an in-depth study of recent real-world, diverse robot datasets—including Open-X Embod-
iment [Padalkar et al., 2023], DROID [Khazatsky et al., 2024], and Ego4D [Grauman et al., 2022]—and
the policies trained on them. Through this analysis, we identified several common modes of failure, which
we categorize into seven types: incomplete grasp, inadequate grip retention, misaligned keyframe, incorrect
rotation, missing rotation, wrong action sequence, and wrong target object. Definitions for each mode appear

in §4.3.1; here we provide additional implementation details and reference coordinate systems.

Inadequate Grip Retention (S1ip). For generating the AHA dataset for training and evaluation, we

configured a 5-timestep activation for the S11ip failure mode, triggering the object to drop from the gripper.

Misaligned Keyframe (Translation). Forthe AHA training and evaluation dataset, we introduced a
translation offset of [ —0.5,0.5] m. In the ManiSkill-Fail dataset, we applied a translation noise of [0,0.1] m
along either the X, Y, or Z axis from the original waypoint. The translation coordinate system is depicted in

Figure C.1 (left).

Incorrect Rotation (Rotation). For the AHA dataset, we set a rotation offset of [—3.14, 3.14] rad along

roll, yaw, or pitch. The rotation coordinate system is depicted in Figure C.1 (right).

Wrong Target Object (Wrong_Object). We perform a sweep through all manipulable objects, swapping

them with the target object in the scene.

C.1.3 FailGen Data-Generation Pipeline

We developed FailGen, an environment wrapper that can be easily integrated into any simulator. It leverages
pre-defined or hand-crafted robot demonstrations for imitation learning, where each trajectory is represented
as a waypoint-based system. Two consecutive waypoints form a sub-task, with each sub-task linked to a

predefined set of language descriptions. FailGen allows for modifications to environment parameters,
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Figure C.1: Failure-mode reference coordinate systems. (Left) translation coordinate system; (right)
rotation coordinate system.

such as gripper end-effector translation, rotation, and open/close state. By altering these parameters, we
systematically generate failures at every waypoint. However, for the 79 tasks collected from RLBench, we
do not initially know which sub-task will fail due to specific failure modes. To address this, we perform a
systematic sweep, using RLBench’s built-in success conditions to explore all possible combinations. This
generates a configuration of failures for each task, which we then use to procedurally generate all failure
training data. Additionally, we manually annotate each sub-task with natural-language instructions describing
the task, and pair this with failure-mode explanations to serve as language input for instruction-tuning.

Examples of the configuration files are depicted in Figure C.2.

C.1.4 AHA Dataset

Using FailGen, we curated two datasets from RLBench [James et al., 2020]. The first is the training dataset,
AHA (Train), which is used for instruction-tuning AHA alongside the co-train dataset. The second is the
testing dataset, AHA (Test), used for evaluation. AHA (Train) contains approximately 49K image—query

pairs of failures derived from 79 tasks, while AHA (Test) consists of approximately 11K image—query pairs
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: /home/${oc.env:USER}/data/failgen_data
b
SENsSOrs
ult
auto
[256, 256]

(b) Example config file for an
(a) Example config file of one task for ManiSkill-Fail. AHA task.

Figure C.2: Example FailGen configuration files.

from 10 hold-out tasks.

C.1.5 Additional Experimental Results

We conducted additional experiments to better understand and visualize AHA’s predictions. We trained
two versions of the AHA model with 13B parameters, using different language models for fine-tuning:
LLaMA-2-13B and Vicuna-1.5-13B. The results show less than a 2.5% performance difference between
the two models, indicating that our fine-tuning data is effective regardless of the base language model.
Additionally, we visualize output predictions from various baselines compared to our model and evaluate

performance across all three datasets.
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AHA dataset (Train) Distribution AHA dataset (Test) failure distribution

wrong_object
slip

frong_object grasp

wrong_seque

rotation_x no_rotation

no_rotation

rotation_y

wrong_sequence
rotation_z

translation_y

motation_y
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rotation_z

translation_x

translation_y

Figure C.3: Data distribution of the AHA dataset for both train and test.

AHA model performance uncertainty estimation. To evaluate the relationship between uncertainty
estimation and model performance, we conducted additional experiments across various evaluation datasets.
Specifically, we compared the sentence-token prediction probabilities of AHA-13B with those of LLaVA-
v1.5-13B. AHA-13B exhibits significantly higher average prediction probabilities, reflecting its superior
accuracy. These findings underscore the positive impact of fine-tuning with the AHA failure dataset on model

confidence and performance.

Effects of viewpoints on evaluation. We evaluate the reasoning capabilities of AHA on the ManiSkill-
Fail dataset across three different viewpoint configurations (one, two, and three viewpoints). Interestingly,
we observe a slight performance advantage when using single-viewpoint images. We attribute this to the
resolution limitations of the LLaVA-v1.5 visual encoder (256 X 256 px), where single-viewpoint inputs offer

clearer and more focused visual information for failure reasoning.

C.1.6 Downstream Robotic Application: VLM Reward Generation

In this section, we present reward functions generated by GPT-40 and AHA for comparison, as shown in
Figure C.5. Additionally, we demonstrate RL policy rollouts improved through AHA’s failure feedback across

all five tasks along with all the final dense reward functions modified by AHA, shown in Figures C.6 and C.7.
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Figure C.4: Examples of different failure modes. Row 1: No_Grasp and Rotation_x. Row 2:
Rotation_y and Rotation_z. Row 3: Slip and Wrong_sequence. Row 4: Translation_x
and Translation_y. Row 5: Translation_z and Wrong_object.
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For all tasks, except put_sphere_on_holder (trained with PPO for 10M steps), PPO is trained for 25M
steps prior to reflection and evaluation. We describe each of the five tasks in detail below, along with their

ManiSkill variants and success conditions.

pickup_YCB. (pick_single_ycb.py) Pick up a single YCB object and lift it to a target height.
Success: the object position is within goal_thresh (default 0.025 m) Euclidean distance of the goal

position.

push_T. (push_T.py) Push a T-shaped block into a T-shaped target area. Success: the 3D T block

covers at least 90% of the 2D T goal zone.

place_sphere. (place_sphere_vl.py) Pick up a sphere and place it into a bin. Success: the
sphere is on top of the bin (i.e., its xzy-distance to the bin is near zero and its z-distance is near the sphere
radius plus the bottom bin block’s side length); the object is static (linear and angular velocities are bounded

by a small value); and the gripper is not grasping the object.

stack_cube. (stack_cube_vl.py) Pick up the red cube and stack it onto the green cube. Success:
the red cube is on top of the green cube (within half of the cube size), the red cube is static, and the red cube

is not being grasped by the robot.

open_drawer. (open_cabinet_drawer_vl.py) Pull open a drawer. Success: the drawer is open

at least 90% of the way, and the angular/linear velocities of the drawer link are small.

C.1.7 Downstream Robotic Application: VLM Task-Plan Generation

In this section, we present policy rollouts improved by AHA in Figure C.8, along with the modified task
plans in Figure C.9. We describe each of the three tasks in detail below, along with their PyBullet variants

and success conditions.

put_banana_ centre. (ours_raven_ycb_pick.py) Pick up the banana and place it onto the

centre of the table. Success: the final location of the banana with respect to the table area satisfies the success
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cubeA_height_reward_Lifting = cubeA.pose.pl..., 2

revard += cubeA_height_reward_lifting * is_cubeA_grasped

revard += stacking_reward

11.agent. robot.get_qvel()[..., :-2], axis=1))

s_cubeA_on_cubeB""]

(a) Improved dense reward function using GPT-40 for re- (b) Improved dense reward function using AHA
flection. for reflection.

Figure C.5: Example improved dense reward functions. (Left) GPT-40 reflection. (Right) AHA reflection.

condition.

stack_banana. (ours_ycb_banana_spam_stack.py) Pick up the banana and place it onto the

spam can. Success: the banana rests stably on top of the spam can.

stack_cubes. (ours_raven_bowl_stack.py) Pick up the green cube and place it into the green
bowl, then take the yellow cube and stack it on top of the green cube. Success: the yellow cube is stably

stacked on top of the green cube in the green bowl.

C.1.8 Downstream Robotic Application: VLM Sub-Task Verification

In this section, we leverage Manipulate—-Anything [Duan et al., 2024b] as the main policy framework,
integrating it with AHA. AHA functions as a sub-task verifier VLM, playing a crucial role in ensuring task
success when using Manipulate-Anything. Examples of the rollouts are shown in Figure C.10. We

describe each of the four tasks in detail below, along with their RLBench variants and success conditions.
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put_block. (put_block.py) Pick up the green block and place it on the red mat. Success: the success

condition on the red mat detects the target green block.

pickup_cup. (pickup_cup.py) Pick up the red cup. Success: lift the red cup above the pre-defined

location.

sort_mustard. (sort_mustard.py) Pick up the yellow mustard bottle and place it into the red

container. Success: the yellow mustard bottle is inside the red container.

pick _and lift. (pick_and_lift.py) Pick up the red cube. Success: the red cube is lifted up.

C.1.9 Limitations and Opportunities

While AHA is quite capable, it is not without limitations. In this section, we discuss some of these limitations

and potential risks for real-world deployment.

Does not cover all failure cases. While AHA is instruction-tuned to address the seven most common failure
modes in robotic tabletop manipulation, and provides fine-grained failure identification down to axis-level
translation or orientation offsets of the gripper, it is inevitable that certain edge cases remain uncovered.
These edge cases fall outside the distribution of failure modes considered in our approach and may occur
in real-world scenarios. To address this limitation, future work could focus on distilling policies already
trained with action-based “artifacts” to generate naturally occurring failures. These could then be labeled
using human annotations or a hybrid approach combining AHA and a GPT-40-based labeling system. Such

efforts could enhance the robustness and applicability of failure detection across a broader range of scenarios.

Improving policies directly with AHA. Currently, we have demonstrated AHA’s effectiveness in enhancing
existing robotic systems that utilize off-the-shelf VLMs/LLMs to automate various pipeline components.
AHA has shown significant impact in improving code generation, task-plan generation, and sub-task success
detection. However, AHA is not yet capable of directly influencing low-level trained policies through failure
language reasoning. A potential next step would involve training low-level policies with language-conditioned

demonstrations covering a diverse range of corrective actions tied to various failure modes. This would
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enable low-level policies to interpret failure reasoning in a counterfactual manner and generate corrective

actions directly.
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Timesteps

Figure C.6: RL policy rollouts improved with AHA. Row 1: pickup_YCB. Row 2: push_T. Row 3:
place_sphere. Row 4: stack_cube. Row 5: open_drawer.
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'Stack banana onto spam can'

"Stack two cubes into a bowl"

Toank you for the clarification. Given that the robot gripper Moves to Che desired asibion With an offset along the  direction,
|we need to account for this offset when placing the banana on top of the potted meat can

Let"s assune the offeet 1s a known conStant, GRIPPER OFFSET 2. WerLl use this offset to adjust the placesent pose accordingly.
lHere's the updated "gen_plan’ and "gen_domain’ functions:

python
|GRIPPER_OFFSET_Z = 0.62 # Example offset value, adjust as necessary

ldef gen_plan(initial: Ravengelief, grasp: RavenGrasp):
plan = []

K up the banana

plan.append(Action("pick”, ["object 1", grasp]))
# Get the pose of the potted meat can
spam_pose = initial.objects["object_0"].pose

# Calculate the placement pose for the banana on top of the potted meat can
banana_place_pose = RavenPose(

-y
pam_pose.z + BLOCK SIZE + GRIPPER_OFFSET_Z, # Adjust for the gripper offset
roll=span_pose.roll,

pitch=span_pose.pitch,

yaw=span_pose.yau

)

# Place the banana on top of the potted meat can
plan.append(Action(“place", ["object 1", grasp, banana_place_pose]))

return plan

gen_domain(initial: Ravengelief)
return

“grasp": Graspsampler()

|### Explanation

1. **Picking the Banana**: The plan starts by picking up the banana (“object 1°) using a grasp sampled from the GraspSampler .
2. **Calculating Placement Pose**: The pose Of the potted meat can (object_0') is retrieved from the initial state. The placement
lpose for the banana is calculated by adding the height of the banana (approximated as "BLOCK SIZE') and the gripper offset

(|CRIPPER OFFSET_2') to the z-coordinate of the potted Meat can's pose. The roll, pitch. and yaw are kept the same to ensure proper
laLignm

3. "P\aclng the Banana

The plan then places the banana at the calculated pose on top of the potted meat can.

l### Wny This Will Always Satisfy the Goal

Tne grasp is sampled fron & ‘GraspSampler . ensuring that 3 alid grasp is Used for picking up the banana.
: ;. Placenent Calculations: The placement pose is calulated based on the current pose of the potted meat can and adjusted for the
| ensuring tnat  the! banans s placed directly on top of it.

- ““Generalization**: The plan is general enough to handle different initial positions and orientations of the objects, as it
laynanically calculates the placement pose based on the initial state

- “+Grasp Sampling**

[This approach ensures that the banana will always be stacked on top of the potted meat can, accounting for the gripper offset along
lthe 2 direction

[thank you for pointing that out. Let's correct the plan to account for the z-offset when placing the second cube.

python
|der gen_plan(initial:RavenBelief, x_offset:float, y_offset:float, z offset:float):
plan = []

# Pick up the green block
green_block = initial.objects["object 6]
1 pick”, green_block

int))

# Place the green block into the green bowl
gresn bout = nitial.abfectslobject 5]

Y, -pose. pois
Pl appena(hctLon{vpuacen. Ix + x_offset,

y + y_offset, z + z_offset]))

# Pick up the yellow block
yellow block = initial.objects["object 4"]
P pick”, yellow block )

# Stack the yellow block onto the green block
green_block new_pose = [x + x_offset, y + y_offset, z + z_offset + BLOCK_SIZE]
plan. append(Action("place”, [green block new pose[6], green block new_pose[1], green block new pose[2] + BLOCK SIZE]))

return plan
|def gen_domain(initial:RavenBelief):
"x_offset”:

"y offset
"z_offset”:

ContinuousSampler (-0.02, 0.02),
ContinuousSampler(-0.62, 0.02),
ContinuousSampler (0.01, ©.03),

}
[¢## Explanation

1. *+Pick up the green block**: The plan starts by picking up the green block (‘object 6').
2; **Ptace the green block into the groen bowl*: The green block 13 then placed into the green bout. (*object.')
(xorfset,  yorrset oz offset ) allow for sone variability in the exec

3. **Pick up the yellow block**: The plan continues by picking up the yellow block ("object 4°).
i “-Stark Tre yetiow plock onto the preen biocke-: Fneiiy. the yerion Block 1e placed on fop of the green block, wrich 15 now in
the boul The elght 1 adjusted by adding the BLOCK SIZE. to the Z-coordinate of the green block's new position, ensuring the
lvellow block 1s stacked correct

The offsets

l### Wny the Function Will Always Satisfy the Goal

- The "x_offset’, 'y offset’, and 'z offset’ parameters allow for slight variations in the placement of the green block within the
bowl, ensuring it fits regardless of minor positional differences

yellow block 1s always placed directly on e green block, ensuring a stack is formed
- The domain for the offsets is chosen to be small enough to ensure the blocks are placed correctly but large enough to allow for
lsome variability.

ls## Constraints and Potential Failures

- If the offsets are too large, the green block might not be placed correctly within the bowl, or the yellow block might not stack
lproperly on the green block.

- The domain for the offsets is chosen to minimize these risks, but if a failure occurs, the offsets can be adjusted to smaller
ranges.

[This plan should achieve the goal of placing the green block into the bowl and then stacking the yellow block onto the green block,
lotven the initial state and the defined domain

"Move banana to centre'

e will add an additional parameter to the ~gen_plan

lposition

lHere's the updated implementation

python
e gen_planginitiat: RavenBotior, grasp:
Soject hame =
Piinapend(action -pick", [obsect. mame, e
# Adjust the y position by the offset when placing the object
adjusted_y = TABLE_CENTER[1] + y_offset
plan.append(Action("place”, [object_name, grasp, RavenPose(
return plan

o3

|det gen_domain(initial: RavenBelief)

“grasp": GraspSampler(),
“y_offset": ContinuousSampler(-0.05, 0.05)

[### Explanation:
[1. **gen_plan Function**:

- The function now takes an additional parameter 'y offset

**gen_domain Function

ladjustment

[This approach ensures that
llong as the offset is within the specified ra

[To account for the slignt offset along the y direction when grasping the object, we can adjust the placement position accordingly.
K * function to specify the y offset and use it to correct the placement

RavenGrasp, y_offset: Float):

9 # The banana is identifiad as "abject 0"
sp]

TABLE_CENTER[O],

# Allowing for a small

to account
- When placing the object, the y position is adjusted by adding the 'y_offset

- The function returns a dictionary with two entries:
- “grasp’: Sampled using the “GraspSampler .
- y_offset : Sampled using a ~ContinuousSampler’ with a range of -0.05 to 0.05, allowing for a small adjustment in the y
lasrection.
Jeu2 wny This wiLt Aluays satisry the Goat
- The plan still explicitly picks up the banana and places it at the center of the table, but now with an adjustment for the y
loreet
- The "y offset’ parameter allows for correcting the placement position to account for the slight offset during grasping.
- The table center coordinates are fixed and known, ensuring the banana is always moved to the correct location with the necessary

the goal 1s achieved regardless of the specific
nge.

y=adjusted_y, z-

-02)1))

offset range

for the slight offset along the y direction
to the table center's y coordinate.

grasp sampled and the slight offset during grasping, as

Figure C.9: Examples of modified task plans via AHA.
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Figure C.10: Examples of zero-shot data-generator trajectories with AHA as sub-task verifier. Row 1:
pickup_cube, pickup_cup. Row 2: put_block, sort_mustard.
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