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Abstract

Foundation models pre-trained on massive un-
labeled datasets have revolutionized natural lan-
guage and computer vision, exhibiting remarkable
generalization capabilities, thus highlighting the
importance of pre-training. Yet, efforts in robotics
have struggled to achieve similar success, limited
by either the need for costly robotic annotations or
the lack of representations that effectively model
the physical world. In this paper, we introduce
ARMA4R, an Auto-regressive Robotic Model that
leverages low-level 4D Representations learned
from human video data to yield a better pre-
trained robotic model. Specifically, we focus on
utilizing 3D point tracking representations from
videos derived by lifting 2D representations into
3D space via monocular depth estimation across
time. These 4D representations maintain a shared
geometric structure between the points and robot
state representations up to a linear transformation,
enabling efficient transfer learning from human
video data to low-level robotic control. Our exper-
iments show that ARM4R can transfer efficiently
from human video data to robotics and consis-
tently improves performance on tasks across vari-
ous robot environments and configurations.

1. Introduction

Recently, foundation models (FMs) have shown remarkable
success, particularly in the domains of language (Brown
et al., 2020; Touvron et al., 2023), vision (Kirillov et al.,
2023), and multi-modal models (Chen et al., 2022; Alayrac
et al., 2022; Liu et al., 2023; Li et al., 2023; OpenAl, 2023)
pre-trained on vast amounts of vision and text data. These
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models exhibit impressive zero-shot and few-shot learning
capabilities (Radford et al., 2021; Ouyang et al., 2022; Wei
et al., 2021; Chung et al., 2024), highlighting the power of
pre-training on generic data. However, numerous attempts
in robotics (Xiao et al., 2022; Kim et al., 2024; Zhen et al.,
2024b; Niu et al., 2024; Ye et al., 2024) have yet to achieve
the same pre-training success seen in other domains. This
could potentially be attributed to the scarcity of large-scale,
diverse robotic data, unlike the abundance of text and image
data available for vision and language FMs.

The lack of robotic data poses a significant bottleneck in
training foundation models that can effectively generalize
across diverse robotic platforms and tasks. To overcome this
limitation, several recent approaches (Xiao et al., 2022; Ye
et al., 2024) employ representation learning by pre-training
on an abundance of human data, enabling transfer to robotic
systems. These approaches aim to recognize the inherent
similarities between human and robot manipulation tasks
and exploit the vast repositories of human video data avail-
able on the internet. Yet, these approaches have not been
able to demonstrate effective generalization to downstream
tasks. In part, this is due to their representations lacking an
understanding of the physical world (Zhen et al., 2024a),
and therefore being less effective for robotics.

In contrast with these methods, Vision-Language-Action
(VLAs) models take a slightly different approach, implic-
itly leveraging human data in robotics by incorporating
pre-trained components from Vision-and-Language Models
(VLMs). In particular, they use language decoders pre-
trained on tasks like visual question answering (e.g., RT-
2 (Brohan et al., 2023a)) and image captioning (e.g., Open-
VLA (Kim et al., 2024)). Despite such efforts, there is a
discrepancy between these models’ high-level pre-training
objective and the goal of enabling robotic models to handle
low-level action prediction. While these initial objectives
are valuable for comprehending visual and linguistic content,
they don’t directly address the nuances of low-level robot
control, which involves aspects like precise manipulation
and spatial reasoning. To address this, this paper’s method
employs a lower-level pre-training objective by starting with
a model that utilizes next-token prediction to learn 4D rep-
resentations from human video data. These representations
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Figure 1. Overview of ARM4R. We introduce anAuto-regressiveRobotic Model that leverages low-levelD
Representations (3D point tracks across time) learned from human videos to yield a better pre-trained robotic model.

can then be transferred to more specialized scenarios by nenethod on average surpasses baselines like PerAct (Shrid-
tuning on robotic scenes and subsequently on proprioceptiviear et al., 2023) on RLBench, and LLARVA (Niu et al.,
data, while maintaining the same training objective. 2024), OpenVLA (Kim et al., 2024), ancy-FAST (Pertsch

et al., 2025) on real tasks with a 7-DoF Kinova Gen3 robot;

Robotic Model with 4D Representations). The key in- (iv) Our model also exhibits several advantageous proper-
. ties, including cross-robot generalization and 3D point track

sight behind ARM4R is to learn a low-level representation - ; -

. rediction for out-of-domain human and robotic videos.
from the abundance of human video data that can captur%
properties of the physical world. This involves lifting 2D
representations to 3D using monocular depth estimation and. Related Work
subsequ_ently ”?Ck'ng the 3D points. Th_e resulting 4D relO\_/ision-Language-Action Models VLAs are a type of
resentations maintain a shared geometric structure —up to, . . . :

. . : obotic model that combines visual perception, language
a linear transformation — between the 3D points and robof : . . -
. . . ynderstanding, and action generation capabilities. VLAsS
state representations used downstream, enabling ef mer# : . : ) .
. . . - take as input visual observations along with a language in-
transfer learning from human video data to robotic manip-

ulation tasks. Surprisingly, pre-training our method Solelystructlon, and output a sequence of robot control actions.

on human data yields superior results compared to othe\S;everaI VLAS, such as LLARVA (Niu etal., 2024), Open-
LA (Kim et al., 2024), LLaRA (Li et al., 2024a), and

mode_ls like VLAs (Kim et al., 2024) that are pre-trained on RoboPoint (Yuan et al., 2024) directly ne-tune a VLM to
robotic data such as OpenX (Collaboration et al., 2023). . : ; g

predict robot actions, often using special tokens to represent
We summarize our main contributions as follows: (i) We in-the action space. These models differ in the choice of VLM
troduce a novel robotics pre-training approach that incorpoand the speci ¢ method used to encode robot actions, but
rates low-level 4D representations that enhance understanithey share the underlying principle of adapting a pretrained
ing of the physical world while also learning from unlabeled VLM for robotic control. A similar model is 3D-VLA (Zhen
videos. (ii) Our approach shows that pre-training solely oret al., 2024a), which consists of components for generating
human video data can lead to better performance than othénture states of an environment based on data that includes
methods that are pre-trained only on robotic data; (iii) Our3D information, such as point clouds. These existing VLAs
utilize language decoders that have been pre-trained for
high-level tasks like image captioning (Kim et al., 2024)

In this paper, we introduce ARM4RA(to-regressive

TARMA4R is pronounced “armor”.
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and VQA (Brohan et al., 2023b), which may be inadequatelo address the data issue, another prominent pre-training
for low-level robotic environments. In contrast, we showapproach is to leverage large-scale datasets of human
that leveraging low-level vision representations from humarvideos. This harnesses the abundance of freely avail-
video data can result in a better pre-trained robotic model.able human activity data on the internet, offering a scal-
able alternative to collecting expensive robot demonstra-
tions. For example, Track2Act (Bharadhwaj et al., 2024)
trains a 2D point-tracking model on human videos from

3D Motion Fields. Motion estimation spans from 2D opti-
cal ow (Horn & Schunck, 1981) and object tracking (Wu
et al., 2013) to recent dense point tracking (Harley et al.

2022). Moving from 2D to 3D further enriches the geomet—Eplc'K't.ChenSloo (Damen et al,, 2018) and Someth.mg—
. . Something-v2 (Goyal et al., 2017), then re-purposes it to
ric understanding. Early work on scene ow (Vedula et al.,

1999) estimates short-term 3D motion based on explicit 3[§w|de robotic manipulation. Any-Point Trajectory Modeling

suctre (Menze & Geiger, 2015) ordepth mages (Teed ) (0 15 000 STay lses a o et o
& Deng, 2021). More recently, SpatialTracker (Xiao et al. '

2024) tackles long-range 3D point tracking by lifting 2D pix- though in a more task-speci ¢ settln.g and still rermg on .2D
: : : . . " motion. By contrast, our approach lifts 2D observations into
els into 3D with monocular depth estimates and iterativel

Yab representations (3D plus time), which not only enhances

re ning 3D trajectories with as-rigid-as-possible motion pri- ; : )
. . : . _spatial awareness and occlusion handling, but also allows
ors. This 3D-driven strategy greatly improves occlusion

. . . . . Spre-training on human videos at scale, providing broader
robustness and yields impressive 3D point tracking results, ~ . " .. . S .
applicability and more robust policy learning in robotics.

In robot learning, 2D motion elds have been used to enable

ne-grained control, guiding manipulation and imitation 3. Auto-regressive Robotic Models

learning (Goyal et al., 2022; Vecerik et al., 2023; Gu et al.,

2023; Yuan et al., 2024; Zheng et al., 2024; Bharadhwajlo address the challenge of leveraging pre-trained vision
et al., 2024; Xu et al., 2024). Despite their success, theseepresentations from human video in robotic models, we
approaches remain limited by the lack of geometric cuepresent an auto-regressive model that relies on low-level 4D
and less spatial awareness. In contrast, 3D motion elds ofrepresentations. The model is trained in three stages. The
fer more spatially grounded representations, enabling morest stage—the pre-training stage—focuses on learning gen-
ef cient policy learning. ToolFlowNet (Seita et al., 2022) eralized low-level representations through 3D point tracking
leverages scene ow to estimate tool trajectories in behaviofrom human videos. In the second stage, the model is ne-
cloning, though it uses only a relatively coarse 3D signaltuned for the same task, but using a small amount of data for
We instead adopt dense 3D point tracking on diverse humathe robot that we intend to use in downstream tasks. Finally,
videos, and use these rich 4D representations (3D pointhe third stage ne-tunes the model for robotic control. We
tracked across time) to pre-train a general auto-regressivgegin by discussing the preliminaries (Section 3.1), then
robotic model with robust and versatile action generation. introduce the architecture (Section 3.2), and the training

RVT (Goyal et al., 2023) and RVT-2 (Goyal et al., 2024) procedures (Section 3.3). Our method is shown in Figure 2.
are recent transformer-based methods that use a more direct o

approach for learning 3D information, leveraging ground—3'1‘ Preliminaries

truth RGB-D images to reconstruct a scene’s point cloudip Scene RepresentationsOur 4D representations result
and then predict keyframes. This point cloud reconstructiofrom solving the 3D point tracking problem, which involves
relies on a similar principle to our method, with ARM4R  nding the 3D coordinates of discrete points across time,
instead using pre-training on 3D point tracking to learngiven a monocular video consisting Bfdiscrete frames.
scene structure. Formally, the objective is to ngb as de ned below:

Pre-training for R(_)botic M_odels. _Pre-tr_aining has b= F(X:ye:ze)j0 j<ng 1)
emerged as a crucial technique for improving the perfor-

mance and generalization capabilities in robotics. Largewheren is the total number of points being tracked, and
scale datasets such as OpenX (Collaboration et al., 2028) t<T . In solving this tracking problem, the identities
contain diverse sensor modalities, tasks and action spac@éthe points are xed and consistent across all frames: the
across various robots. Models trained with these datasefsth pointinp; refers to the same physical pointin 3D space
such as RT-1-X (Brohan et al., 2023c), RT-2-X (Brohanacross all time steps2 [0; T). To initialize these points,
et al., 2023a), Octo (Team et al., 2024), OpenVLA (Kim we de ne a square grid of sizg gon the rstframe (frame
etal., 2024) and LLARVA (Niu et al., 2024), can be applied t = 0), resulting inn = g2 points. The task is to track the
in various robot embodiments and tasks. Yet, these robaiD coordinates of these initial queriedoints throughout
pre-training datasets are still orders of magnitude smallethe video while maintaining their unique identities.

than the data that current LLMs and VLMs are trained on. 4p Representations for Robotic Manipulators One of
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Figure 2: ARM4R is trained in three stageBop Grey Box: The rst two stages focus on learning a scene-wide 4D
representation by predicting 3D points across time, where Stage 1 pre-trains on a large egocentric human dataset (Epic-
Kitchens100), and Stage 2 ne-tunes on a smaller dataset (1-2K demonstrations) of robotic scenes, adapting the point
tracking to robotic scene and cameBamttom Grey Box: Finally, the model is ne-tuned to predict robot proprioceptive

states rather than 3D points to enable robotic control.

the main bene ts of using 4D representations is that thézed by temporal sequences that capture the robot complet-
3D point tracks in a robotic setting are described by lineaiing a particular task. The task is described by the language
transformations constructed using the robot states. We nowmstructionl. The temporal sequences typically consist of
present a simple proof of this claim. visual observationg.t 1 and proprioceptive states.t 1,
which can lie in Cartesian space or joint position space.

Consider a1-DoF open-chain manipulator, initially in its Then, the objective is to learn a policy that predicts one

reference con guration; = 0; , = O; in = 0. . o :
: : ..._or more future actions, conditioned on a nite number of
Suppose the manipulator is commanded to a new position . . .
s a. g T . previous timesteps, to successfully complete a given task.
1= § 2= 5 n= §. Next, we take any arbi-

trary pointp on the body of the manipulator lying between Inputs. Given any video, we structure our models' input at
jointsi;i + 1. Letp be described by the transformation timestept, into three parts: the language instructiothe
0ip (0) injoint i's frame. Thenp's new position in the base image inpui;, and the current 3D coordinates of the tracked

frame can be described by: points,p;. These elements together provide the contextual,
A g A d visual, and spatial information necessary for 3D point track-
Gip()=e€e** e’ gyp(0) ing. The output is the future 3D coordinates of the tracked

Spoints,ptﬂ . When ne-tuning the model for robotic control

where”] are the twists associated with each joint. Since thi . . . .
! : see Section 3.3), we replace the tracked input points with
product of 4x4 SE(3) matrices represents a linear transfoj- ) P putp

mation, points on the robot body as well as attached rigi he robots current stat&, and the output points with the
on, p . y . . 9% ext statesi+1 . We hypothesize that the shared geomet-
bodies evolve through linear transformations in terms of the

robot states. Additionallv. for overactuated manioulator fic structure — up to a linear transformation — between
' » Y, v uate Iputatorsy, points and robot state representations enables ef cient
(7-DoF), the robot learning problem simpli es to tracking

. . . . s transfer learning between the second and third stages.
arbitrary trajectories, as con guration space limitations are

less restrictive. This allows the model to bene t more effec-

tively from the 3D point tracking pre-training task. 3.2. Architecture

In the rst and second training stages, our objective is to

Robotic Episodes Robotic control can be formulated as a X o
develop an auto-regressive modetapable of predicting

nite-horizon Markov Decision Process (MDP), character-
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