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ABSTRACT

Large models have shown strong open-world generalization to complex problems
in vision and language, but they have been relatively more difficult to deploy in
robotics. This challenge stems primarily from the lack of scalable robotic training
data since this requires expensive on-robot collection. For scalable training, these
models must show considerable transfer across domains, to make use of cheaply
available “off-domain” data such as videos, hand-drawn sketches, or data from
simulation. In this work, we posit that hierarchical vision-language-action mod-
els can be more effective at transferring behavior across domains than standard
monolithic vision-language-action models. In particular, we study a class of hier-
archical vision-language-action models, where high-level vision-language models
(VLMs) are trained on relatively cheap data to produce semantically meaningful
intermediate predictions such as 2D paths indicating desired behavior. These pre-
dicted 2D paths serve as guidance for low-level control policies that are 3D-aware
and capable of precise manipulation. In this work, we show that separating pre-
diction into semantic high-level predictions, and 3D-aware low-level predictions
allows such hierarchical VLA policies to transfer across significant domain gaps,
from simulation to the real world or across scenes with widely varying visual ap-
pearance. Doing so allows for the usage of cheap, abundant data sources beyond
teleoperated on-robot data thereby enabling broad semantic and visual general-
ization. We demonstrate how hierarchical architectures trained on such cheap off-
domain data can enable robotic manipulation with semantic, visual, and geometric
generalization through experiments in simulation and the real world.

1 INTRODUCTION

Developing general robot manipulation policies has been notoriously difficult. With the advent of
large vision-language models (VLMs) that display compelling generalizations, there is an optimism
that similar techniques can be helpful for robotic manipulation. Several prior works (Team et al.,
2024; Kim et al., 2024; Gu et al., 2023) build open-world vision-language-action models (VLAs)
by finetuning off-the-shelf, pretrained VLMs. The recipe for training many of these VLA mod-
els has been to collect and curate a large-scale robotics-specific dataset, complete with images and
corresponding on-robot actions, and then finetune a VLM to directly produce actions (Kim et al.,
2024; Brohan et al., 2023a). Such VLAs have shown robustness on simple tasks and controlled
environmental variations. However, these models display limited generalization in terms of environ-
ment, object, task, and semantic variation. This issue could be attributed to the scarcity of diverse,
in-domain training data. The data needed to train these models is expensive since it requires end-
to-end image-action pairs that must all be collected directly on-robot. A solution for training VLA
models must be developed to instead learn from easy-to-collect “cheap” sources of data.

On the other hand, relatively “small” imitation learning models have shown impressive dexterity
and geometric robustness. Such models have demonstrated promise across a range of complex
tasks involving contact-rich manipulation and 3D reasoning, spanning domains from tabletop ma-
nipulation (Shridhar et al., 2023; Goyal et al., 2023) to fine dexterous manipulation (Zhao et al.,

0⋆ co-first authors † equal advising



Figure 1:Overview of HAMSTER, VLAs and “smaller” imitation learning methods. HAMSTER's hierarchi-
cal design results in better generalization with a small amount of in-domain data. HAMSTER is able to utilize
cheap training sources such as videos or simulations for enhanced generalization.

2023). Trained on relatively small datasets, these models show local robustness and stable control
but typically lack semantic or visual generalization. They are often brittle to changes in the envi-
ronment, semantic description of the tasks, or changes in the objects being manipulated (Pumacay
et al., 2024). This fragility can also be boiled down to scarce in-domain data collected on a robot.
Reliable, generalizable robotic learning techniques must marry the generalization bene�ts of large
VLMs, with the ef�ciency, local robustness and dexterity of small imitation learning policies, all
while being able to train from abundant and cheap sources of data. In this work, we ask – can we de-
sign VLA models that train on relatively abundant and cheap data sources, showing broad visual and
semantic generalization, while capturing the low-level geometric and 3D understanding displayed
by small imitation learning models?

We propose that a hierarchical architecture for vision-language-actions models, HAMSTER
(HierarchicalAction Models withSeparaTEd PathRepresentations), can serve as an effective way
to learn from abundant and cheap sources of data such as videos or simulation. We study a family
of HAMSTERs, where �netuned VLMs are connected to low-level 3D policy learning methods via
intermediate 2D path representations. Since these 2D paths can easily be obtained in abundance
from data sources such as videos or simulations (either with point tracking, hand-sketching, or pro-
prioceptive projection), these can be used to �netune the larger higher-level VLM in HAMSTER.
These 2D paths can then serve as guidance for a low-level policy that operates on rich 3D and pro-
prioceptive inputs, alleviating the burden of long-horizon planning and semantic reasoning, allowing
low-level policies to focus on robustly generating precise, spatially-aware actions.

Representations similar to 2D paths has been explored in the robot learning literature (Gu et al.,
2023), primarily as a technique for �exible task speci�cation. However, the key hypothesis explored
in this paper is distinct – we posit that using cheap data such as videos or simulation to �netune
hierarchicalpath generating VLMs can enable a surprising degree of cross-domain transfer as com-
pared to the direct transfer of monolithic vision-language-action models (Brohan et al., 2022; Kim
et al., 2024). Here the focus is less on using paths as a scalable technique for task speci�cation,
and more on using hierarchy as a mechanism for robust cross-domain transfer across settings with
considerable visual and semantic differences. Speci�cally, we �nd that VLMs trained to predict 2D
path representation can transfer to the real world from simulations that look very different from the
real world, or across real-world scenarios with widely varying appearance. Hence, the hierarchical
design of HAMSTER provides a way to utilize cheaper, but perceptually varying sources of “off-
domain” data (such as simulation or cross-embodiment data) to bene�t real-world control policies.

The hierarchical design presented in HAMSTER can also offer additional advantages through the
decoupling of VLM training and low-level action prediction. Speci�cally, since the higher-level
VLM is predicting semantically meaningful trajectories from monocular RGB camera inputs, the
lower-level control policies can operate from rich 3D and proprioceptive inputs. In doing so, HAM-
STER inherits the semantic reasoning bene�ts of VLMs along with the 3D reasoning and spatial
awareness bene�ts of 3D imitation learning policies (Goyal et al., 2024; Ke et al., 2024). Finally,



since HAMSTER is built on both open-source VLMs and low-level policies, it can serve as a fully
open-sourced enabler for the community-building vision-language-action models.

2 RELATED WORK

LLMs and VLMs for robotics. Early attempts in leveraging LLMs and VLMs for robotics are
through pretrained language (Jang et al., 2022; Shridhar et al., 2023; Singh et al., 2023) and vi-
sual (Shah & Kumar, 2021; Parisi et al., 2022; Nair et al., 2023; Ma et al., 2023) models. However,
these are not suf�cient for complex semantic reasoning and generalization to the open world (Bro-
han et al., 2022; Zitkovich et al., 2023). Recent research has focused on directly leveraging open
world reasoning and generalization capability of LLMs and VLMs, by prompting or �ne-tuning
them to, e.g., generate plans (Huang et al., 2022; 2023b; Lin et al., 2023; Liang et al., 2023; Singh
et al., 2023; Brohan et al., 2023b), construct value (Huang et al., 2023a) and reward functions (Kwon
et al., 2023; Sontakke et al., 2023; Yu et al., 2023; Ma et al., 2024; Wang et al., 2024). Our work is
more closely related to the literature on VLA models, summarized below.

Monolithic VLA models as language-conditioned robot policies.Monolithic VLA models have
been proposed to produce robot actions given task description and image observations directly (Bro-
han et al., 2022; Jiang et al., 2023; Zitkovich et al., 2023; Team et al., 2024; Kim et al., 2024;
Radosavovic et al., 2023). Monolithic VLA models are often constructed from VLMs (Liu et al.,
2024b; Bai et al., 2023; Driess et al., 2023; Lin et al., 2024), and are trained on large-scale robot
teleoperation data (Brohan et al., 2022; Collaboration et al., 2023; Khazatsky et al., 2024) to predict
actions as text or special tokens. However, due to the lack of coverage in existing robotics datasets,
they must be �netuned in-domain on expensive teleoperated data. The most relevant monolithic
VLA model is LLARVA (Niu et al., 2024), which predicts end-effector trajectories in addition to
robot actions. However, LLARVA does not use trajectory prediction to control the robot; rather, it
uses it as an auxiliary task to improve action prediction. Therefore, LLARVA still suffers from the
limitations of monolithic VLA models. In contrast, our work takes a hierarchical approach, drasti-
cally reducing the number of demonstrations needed for learning downstream tasks and the number
of VLM calls per episode. Moreover, our proposed hierarchical architecture enables training from
cheaper data sources while enabling considerable cross-domain transfer.

VLMs for predicting intermediate representations. Our work bears connections to prior methods
using vision-language models for intermediate prediction. These methods can be categorized by the
choice of predicted representation:

Point-based predictions:A common intermediate prediction interface has been keypoint affor-
dances (Stone et al., 2023; Sundaresan et al., 2023; Nasiriany et al., 2024; Yuan et al., 2024). Some
examples include using open-vocabulary detectors (Minderer et al., 2022), iterative prompting of
VLMs (Nasiriany et al., 2024), or �ne-tuning detectors to identify certain parts of an object by se-
mantics (Sundaresan et al., 2023). Perhaps most related, Yuan et al. (2024) �netunes a VLM to
predict objects of interest as well as free space for placing an object, and Liu et al. (2024a) propose
a mark-based visual prompting procedure to predict keypoint affordances as well as a �xed number
of waypoints. As opposed to these, our work �netunes a VLM model to not just predict points but
rather entire 2D paths, making it more broadly applicable across robotic tasks.

Trajectory-based predictions:The idea of using trajectory-based task speci�cations to condition
low-level policies was proposed in RT-trajectory (Gu et al., 2023), largely from the perspective
of �exible task speci�cation. This work also brie�y discusses the possibility of combining RT-
Trajectory with trajectory sketches generated from prompting a pre-trained vision language model.
Complementary to RT-Trajectory, the focus of this work is less on the use of trajectory sketches for
task speci�cation, but rather on the abilities of a hierarchical VLA model to �netune the high-level
VLM on cheap and abundant sources. While RT-trajectory uses human effort or off-the-shelf pre-
trained models to generate trajectories, we show that �netuning VLM models on cheap data sources
can generate more accurate and generalizable trajectories (see Table. 1). Moreover, our instantiation
of this architecture enables the incorporation of rich 3D and proprioceptive information, as compared
to monocular 2D policies (Gu et al., 2023).



3 HAMSTER: HIERARCHICAL ACTION MODELS FORROBOTIC LEARNING

In this work, we examine how VLA models can be trained on relatively abundant data to demonstrate
cross-domain transfer capabilities, as opposed to training on expensive image-action data collected
on a robot. HAMSTER is a family of hierarchical action models designed for this purpose, ex-
hibiting generalizable and robust manipulation. It consists of two interconnected models: �rst, a
higher-level VLM that is �ne-tuned on large-scale, cross-modal data to produce intermediate guid-
ance (detailed in Section 3.1), and second, a low-level policy that produces actions conditioned on
the VLM's predicted guidance (detailed in Section 3.2). The �netuned VLM and the low-level pol-
icy communicate using a 2D path representation. Figure 2 provides an overview of HAMSTER's
design. Crucially, we study the ability of such a hierarchical design to enable training on cheap,
abundantly available data such as simulation and videos.

Background: Imitation Learning via Supervised Learning. The goal of imitation learning is to
train a probabilistic policy� � (a j s; o; z) from an expert-provided dataset. This policy� � outputs
the probability of producing actiona conditioned on proprioceptive statess, perceptual observations
o, and language instructionsz that specify the task. In the typical imitation learning setting, a
dataset of expert in-domain trajectories is provided, consisting of observation-action-language tuples
D = f (si ; ai ; oi ; zi )gN

i =1 . This dataset can be utilized to learn the parameters of the policy� � . While
� can take on a variety of architectures with various training objectives (Goyal et al., 2023; Ke
et al., 2024; Zhao et al., 2023; Chi et al., 2023), most imitation learning algorithms are trained via
supervised learning to maximize the objective:E(si ;a i ;o i ;z i ) �D [log � � (ai j si ; oi ; zi )] : This core
objective can be modi�ed with rich architectural choices such as 3D policy architectures (Goyal
et al., 2023; Ke et al., 2024) or more expressive policy distribution classes (Zhao et al., 2023; Chi
et al., 2023), but generalization to out-of-domain to settings with semantic or visual variations is still
challenging. We study how vision-language models can be used to aid the generalization of such
low-level imitation learning-based policies.

Problem De�nition. Rather than operating in the pure imitation learning setting as described earlier,
we study a scenario where cross-domain data is utilized to train VLA models. While the typical imi-
tation learning setting uses a dataset of optimal in-domain, on-robot tuplesD = f (st ; at ; ot ; zt )gN

t =1
to learn a near-optimal policy� � , in this setting we additionally assume access to a much larger
dataset(s) of “off-domain” approximately optimal dataDoff = f (oo

i ; zo
i )gM

i =1 , whereM � N , such
as video or simulation data. This “off-domain” dataDoff is different from in-domain dataD in
several important ways:1) Off-domain perceptual observationsoo

i may be considerably different
than in-domain perceptual observationsoi , even when the underlying physical state of the system is
similar An illustrative example of this is the marked difference between simulation and real-world
scene appearance (see Figure. 5).2) The underlying physical dynamics of the system can be poten-
tially different, i.e the transition dynamicsP(s0js; a) between statess0; s may be different between
off-domain sources such as video or simulation than the test-time deployment setting. While the
dynamics may show level differences, we assume the higher-level coarse strategies to solve the task
remain invariant.3) Off-domain data may not have access directly to actionsa or proprioception
p, for instance in video based datasets. This poses challenges to directly applying the standard
imitation learning paradigm for these datasets.

The goal is to leverage the combination of a small amount of “expensive” in-domain dataD and a
large amount of relatively “cheap” off-domain dataDoff to obtain a generalizable policy� � that can
be successfully deployed over various initial conditions, task variations, and visual variations in the
in-domain robot environment. Without additional assumptions, this problem is arduous due to the
lack of alignment between the in-domain and off-domain settings. In this work, we assume access
to an intermediatepath-labelerpi = h(oi ; zi ) at training time, that accepts an observationoi and a
language instructionzi from either the off-domain or in-domain datasets, to produce an intermediate
path labelpi that indicateshowto optimally perform the taskzi from the observationoi . In this work,
we choose this intermediate path labelpi to be a sequence of points, a 2D path, on the image that
indicates coarse end-effector motion to solve the designated task. This path-labeler at training time
can come from different sources – a projection of known proprioception if available, human-drawn
trajectory annotations on images, point-tracked end-effector or hand positions from video, and so
on. Applying such a path labeler to the off-domain dataset yields~Doff = f (oo

i ; zo
i ; po

i )gM
i =1 .



Figure 2:Depiction of HAMSTER's execution. The high-level VLM is called once to generate the 2D path.
The low-level policy is conditioned on the 2D path and interacts with the environment sequentially to execute
low-level actions. The path predicted by the VLM enhances the low-level policy generalization capability.

3.1 HAMSTER'S VLM FOR PRODUCING2D PATHS TRAINED FROM OFF-DOMAIN DATA

The �rst stage of building a HAMSTER VLA model is �netuning a high-level VLM that predicts
coarse 2D pathsp given a language instructionz and observationo. This path represents the approx-
imate trajectory of the robot end-effector on the input camera image. It also contains information
about the gripper state (where to open the gripper and where to close it) as subsequently explained.

Although, conceptually, any VLM can be used to predict such a 2D path by casting an appro-
priate prompt, we �nd that standard pre-trained VLMs struggle with predicting such a path in a
zero-shot manner (see Table 1). Therefore, we �netune pre-trained VLMs on datasets that ground
VLMs to robot scenes and path predictions collected from easier-to-obtain sources, i.e., internet
visual-question-answering data, robot data from other modalities, and simulation data. The primary
advantages of �netuning such a hierarchical VLM that produces intermediate representationsp̂i
compared to producing actionsa with a monolithic model (Kim et al., 2024; Zitkovich et al., 2023)
are twofold: 1) the lack of actions in certain off-domain datasets (such as videos) makes it impos-
sible to even train monolithic pixel-to-action models, 2) we �nd that hierarchical VLMs producing
intermediate cross-domain predictions generalize more effectively than monolithic VLAs.

Finetuning Objective and Datasets. We use VILA-1.5-13b (Lin et al., 2024), a 13-billion-
parameter vision language model trained on interleaved image-text datasets and video captioning
data, as our base VLM. We then curate a multi-domain dataset to �netune this model for effective
2D path prediction. Predicting the 2D path of the end-effector requires understandingwhatobjects
to manipulate in a given task in terms of their pixel positions, but also reasoning abouthowa robot
should perform the task. To enable this understanding, we collate a diverse off-domain datasetDoff
from a wide range of modalities, including real-world data, visual question-answering data, and
simulation data. Importantly,noneof this off-domain data used to train the VLM comes from the
deployment environment, thereby emphasizing generalizability. However, as outlined in Section 3.2,
the predictions of this trained VLM are used to guide a low-level policy at inference time.

We assemble a dataset~Doff = f (oo
i ; zo

i ; po
i )gM

i =1 of image inputsoo
i , language promptszo

i , and path
labelspo

i consisting of three types of data: (1) pixel point prediction tasks (what); (2) simulated
robotics tasks (what and how); (3) a real robot dataset consisting of trajectories (what and how). We
detail each dataset below; see Figure 6 for visualization of each dataset's prompts and labels.

Pixel Point Prediction. For pixel point prediction, we use the dataset released by Robo-
Point (Yuan et al., 2024) with 1.4 million VQA tasks, with most answers represented as a
list of 2D points corresponding to locations on the image. A sample consists of a prompt
zo like Find all instances of cushions , an input imageoo and labelspo like
[(0:25; 0:11); (0:22; 0:19); (0:53; 0:23)]. This dataset consists of data automatically generated in
simulation and collected from existing real-world datasets; its diversity and tasks enable the HAM-
STER VLM to reason about pixel-object relationships across diverse scenes while retaining its se-
mantic generalization capabilities.

Robot Simulation Data. We additionally generate a dataset of simulated robotics tasks from RL-
Bench (James et al., 2020), a simulator of a Franka robot performing tabletop manipulation for a
wide array of both prehensile and non-prehensile tasks. We use the simulator's built-in planning al-
gorithms to automatically generate successful manipulation trajectories and construct ground-truth



2D path labelspo. Each trajectory contains a sequence of 3D coordinates of the robot's gripper
in world space, as well as whether the gripper is open or closed at a given time step. We use
known camera intrinsics and extrinsics to project these points on the front image and construct
labelspo = [( x image; yimage; gripper open ); : : :] wherex image; yimage 2 [0; 1] are relative pixel
locations of the end effector's position on the image. The front camera image of the initial state
forms the image inputoo and the promptzo for the VLM is to provide a sequence of points denot-
ing the trajectory of the robot gripper to achieve the given instruction (see Figure 2) We generate
1000 episodes for each of 79 robot manipulation tasks in RLBench, each episode with� 4 language
instructions, for a total of� 300k(oo; zo; po) tuples for ~Doff .

Real Robot Data. Using real robot data allows us to ensure the VLM can reason about objects
and robot gripper paths when conditioned on scenes, including real robot arms. We use existing,
online robot datasetsnot from the deployment environmentto enable this VLM ability. We source
10k trajectories from the Bridge dataset (Walke et al., 2023; Collaboration et al., 2023) consisting of
a WidowX arm performing manipulation tasks and4̃5k trajectories from DROID (Khazatsky et al.,
2024). For both datasets, we use the given end-effector trajectories and given (or estimated) camera
matrices to convert robot gripper trajectories to 2D pathspo. We use a camera image from the �rst
timestep of each robot trajectory asoo and a similar text promptzo as the simulation dataset. Note
that we essentially utilize the robot data as video data, where the end effector is tracked over time.
In principle, this could be done with any number of point-tracking methods (Doersch et al., 2023)
on raw video as well, with no action or proprioceptive labels.

VLM Training. We �netune the HAMSTER VLM on all three datasets by randomly sampling from
all samples in the entire dataset with equal weight. One problem with directly training on the path
labelspo is that many paths may be extremely long, e.g., exceeding one hundred points. Since we
want the HAMSTER VLM to reason at ahigh levelinstead of on the same scale as the low-level con-
trol policy. Therefore, we simplify the pathspo with the Ramer-Douglas-Peucker algorithm (Ramer,
1972; Douglas & Peucker, 1973) that reduces curves composed of line segments to similar curves
composed of fewer points. We train with the standardized supervised prediction loss to maximize
the log-likelihood of the language labelspo: E(oo

i ;z o
i ;po

i ) � ~D off
logVLM (po

i j zo
i ; oo

i ) :

3.2 PATH GUIDED LOW-LEVEL POLICY LEARNING

After training the HAMSTER VLM to predict paths, we train a low-level policy to utilize these paths
to predict actions. While a low-level control policycanlearn to solve the task without access to 2D
path predictions, providing it with 2D paths can make the task easier. The paths allow the low-level
policy to forgo long-horizon and semantic reasoning and focus on local and geometric predictions
to produce low-level actions. As we �nd empirically (see Figure 3), 2D paths allow for considerably
improved visual and semantic generalization of low-level policies. We train low-level policies based
on rich 3-D perceptual information, available at test time on a robotic platform with standard depth
cameras. Then the question becomes—how do we incorporate 2D path informationp̂ produced by
the VLM in Section 3.1 onto the 3D inputs to enable generalizable robot manipulation?

Conditioning on Paths. We convert 2D paths of the formp = f (x i ; yi ; gripper open )gL
t =1

into a format that is easy to incorporate into any language (z), proprioception (s), and image (o)
conditioned policy� � (a j s; o; z). While one could concatenate the path with the proprioception or
language input, paths are of varied lengths, and this could prevent the integration of such paths into
existing policy architectures that cannot take in varied proprioceptive or language inputs. Instead, we
directly draw the 2D path points onto the image input to the policy, which is not only generalizable
across policy architectures but also may provide easier-to-follow path guidance as the policy does
not have to learn how to associate path points with their corresponding image locations (Gu et al.,
2023). During training, we use oracle paths constructed by projecting end-effector points to the
camera plane as described for simulation and real robot data in Section 3.1.

Formally, we iterate through each trajectory� i = f st
i ; at

i ; ot
i ; zi )gT

t =1 on the in-domain datasetD to
obtain the pathpi . Gu et al. (2023) proposed using colored trajectories to guide a policy's actions,
and we largely follow their method of coloring trajectories to indicate gripper status and progression
through time. These paths are drawn onto all images in the trajectoryo1

i :::oT
i by drawing points

at each(x; y) and connecting them with line segments to obtainf ~ot
i g

T
t =1 . We use a color gradient

to indicate progression through time (see Figure 2(b) for an example). We plot circles for change



in gripper status: e.g., green for closing the gripper and blue for opening. This constructs the �nal
in-domain path-labeled datasetDpath = f (si ; ai ; ~oi ; zi )gN

i =1 .

Imitation Learning. Finally, we train a policy� � (a j s; ~o; z) conditioned on proprioception and
other sensor informations, path-annotated image observations~o, and a task language instructionz
on Dpath. HAMSTER's general path-conditioning framework allows for using arbitrary lower-level
control policies as they do not need to condition on the same inputs as the VLM. Therefore, we
train 3D low-level policies, such as RVT-2 (Goyal et al., 2024) and 3D-DA (Ke et al., 2024), for
low-level control. Here, we assumes includes additional sensor information (i.e., depth), which
3D-DA and RVT-2 utilize to construct point clouds and virtual camera renderings, respectively, for
more accurate control and data-ef�cient imitation learning. We directly train these policies, with
no necessary architectural changes, with their supervised imitation learning objectives onDpath to
maximize log-likelihoods of the dataset actions:E(st ;a t ;~ot ;z t ) �D path log � � (a j st ; ~ot ; zt ). For further
implementation details, see Appendix B.

Online Evaluation. Standard VLA architectures query the VLM for every low-level action (Kim
et al., 2024; Brohan et al., 2023a), which can be very expensive with large VLMs—for example,
OpenVLA's 7B param VLA only runs at 6Hz on an RTX 4090 (Kim et al., 2024). Instead, HAM-
STER's hierarchical design allows us to query the VLM just once at the beginning of the episode
to generate a 2D patĥl that we draw onto every subsequent image. Therefore, HAMSTER can be
scaled to large VLM backbones without needing end-users to be concerned about inference speed.

4 EXPERIMENTAL EVALUATION

To test the hypotheses proposed in Section 3, we perform empirical evaluations in both simulation
and the real world.

4.1 REAL WORLD EVALUATION ON TABLETOP MANIPULATION

Our real-world evaluation experiments aim to test the generalization capability of hierarchical VLA
models across signi�cant semantic and visual variations. In particular, we consider a variant of
HAMSTER that uses a VLM (VILA-1.5-13b) �netuned on the data mixture in Section 3.1 as the
high-level predictor, with a 3-D policy architecture - RVT-2 (Goyal et al., 2024) as the choice of
low-level policy, as described in Section 3.2. The low-level 3D policy is trained with 320 episodes
collected via teleoperation directly on the table-top manipulation setup shown in Fig. 6. Importantly,
the high-level VLM in HAMSTER is not �netuned on any in-domain data and is directly transferred
only from the cheap data sources described in Section 3.1. This suggests that any generalization that
the VLM sees does not result from in-domain training data rather than from cross-domain transfer.

Baseline comparisons. We compare HAMSTER to a state-of-the-art monolithic VLA, Open-
VLA (Kim et al., 2024), as well as a non-VLM 3D imitation learning policy. For fair comparison,
we �netune OpenVLA on the collected in-domain trajectory data described above since OpenVLA
showed poor zero-shot generalization. For the 3D imitation learning policy, we use RVT-2 (Goyal
et al., 2024) as our baseline, as it is effective in learning robust policies with few demonstrations.
The RVT-2 baseline is trained with the same teleoperation data used to train the low-level policy in
HAMSTER but without the intermediate 2D path representation from HAMSTER's VLM.

Results.Figure 3 summarizes our real-world results. We compile results for multiple task types, in-
cluding `pick and place,' and nonprehensile tasks such as `push buttons' and `knock down objects.'
Similar to prior work (Kim et al., 2024), we test generalization across various axes:arrangement:
new positions and object combinations with seen objects;obj and goal: unseen object-goal com-
binations;visual: visual changes in table texture, lighting, distractor objects;language: unseen
language instructions (e.g., candy! sweet object);spatial: unseen spatial object relationships in
the instruction;novel object:unseen objects; and lastly,multiple: a combination of multiple varia-
tions. In total, we evaluate each model on 74 tasks for 222 total evaluations.

We �nd that HAMSTER is able to outperform monolithic VLA models as well as 3D imitation
learning methods. This is signi�cant because this improved performance is in the face of consider-
able visual and semantic changes in the test setting, showing the ability of HAMSTER to transfer
much more effectively than monolithic VLA models or non-VLM base models. See Appendix C for



Figure 3:Quantitative evaluation results on a real-world robot, evaluated across different axes of generaliza-
tion. Across all generalization axes, HAMSTER outperforms monolithic VLAs and 3D imitation learning.

Method VLM Finetuning Data Rank Exc. Real RLB. Rank Real RLB. Rank All

RT-Traj. 0-shot GPT-4o - 3.40 3.63 3.52
RT-Traj. CaP GPT-4o - 3.57 3.36 3.46
HAMSTER VILA Our Exc. Sim RLB. 1.78 2.39 2.11
HAMSTER VILA Our 1.59 1.28 1.42

Table 1:Ranking-based human evaluation of different VLMs, averaged across various real-world evaluation
tasks. Results indicate that HAMSTER including simulation data is most effective since it captures both spatial
and semantic information across diverse tasks from RLBench (RLB).

evaluation conditions, a task list, and other experiment details, and Appendix D.2 for failure modes.
Finally, see Appendix E.1 for results in simulation.

4.2 IMPACT OF DESIGN DECISIONS ONVLM PERFORMANCE

To better understand the transfer and generalization performance of the proposed hierarchical VLA
model, we analyze the impact of various decisions involved in training the high-level VLM. We con-
duct a human evaluation of different variants of a trained high-level VLM on a randomly collected
dataset of real-world test images, as shown in Figure 5. We ask each model to generate 2D path
traces corresponding to instructions such as “move the block on the right to Taylor Swift” (the full
set is in Appendix D.1). We then provide the paths generated by each method to human evaluators
who have not previously seen any of the models' predictions. The human evaluators then rank the
predictions for each method; we report the average rank across the samples in Table 1.

We evaluate the following VLM models: (1) zero-shot state-of-the-art closed-source models such
as GPT-4o using a similar prompt to ours (shown in Figure 8), (2) zero-shot state-of-the-art closed-
source models such as GPT-4o but using Code-as-Policies (Liang et al., 2023) to generate paths as
described in Gu et al. (2023) (prompt in Figure 9), (3) �netuned open-source models (VILA-1.5-
13b) on the data sources described in Section 3.1, but excluding the simulation trajectories from the
RLBench dataset, (4) �netuned open-source models (VILA-1.5-13b) on the data sources described
in Section 3.1, including path sketches from the RLBench dataset. The purpose of these evaluations
is to �rst compare with closely related work that generates 2D trajectories using pretrained closed
source VLMs Gu et al. (2023) (Comparison (1) and (2)). The comparison between (3) and (4) (our
complete method) is meant to isolate the impact of including the simulation path sketches from the
RLBench dataset. In doing so, we analyze the ability of the VLM to predict intermediate paths to
transfer across signi�cantly varying domains (from RLBench to the real world).

The results suggest that: (1) zero-shot path generation, even from closed-source VLMs Gu et al.
(2023) such as GPT-4o with additional help through Code-as-Policies (Liang et al., 2023), under-
performs VLMs �netuned on cross-domain data as in HAMSTER; (2) inclusion of signi�cantly dif-
ferent training data such as low-�delity simulators during �netuning improves the real-world VLM
performance. This highlights the transferability displayed by HAMSTER across widely varying do-
mains. These results emphasize that despite considerable perceptual differences, the HAMSTER's
hierarchical VLA can effectively utilize diverse sources of cheap prior data for path predictions.



5 LIMITATIONS

This work represents an initial step towards developing versatile, hierarchical VLA methods, with
numerous opportunities for future improvement and expansion. The proposed work only generates
points in 2D space, without making native 3D predictions. This prevents the VLM from having true
spatial 3D understanding. Moreover, the interface of just using 2D paths is a bandwidth limited one,
which cannot communicate nuances such as force or rotation.
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Figure 4: Example real-world HAMSTER rollouts demonstrate its strong performance in novel scenes
achieved by leveraging VLMs' generalization capabilities and the robust execution of low-level 3D policies.

Figure 5:HAMSTER's VLM demonstrates considerable generalization and cross-domain learning to scenar-
ios not encountered in the training set. From left to right: (a) it can effectively utilize world knowledge to
generalize to tasks speci�ed by people; (b) it generalizes to highly out-of-domain input images, such as human-
drawn sketches; (c) when trained on diverse simulated data it shows transfer to related, but visually distinct
tasks in the real world.

For extended supplementary details and results, please seehttps://sites.google.com/
view/hamster-iclr .

A VLM F INETUNING DATASET DETAILS

Pixel Point Pred Data. Our point prediction dataset comes from Robopoint (Yuan et al., 2024).
Most data in our point prediction dataset contains labels given as a set of unordered points such as
po = [(0 :25; 0:11); (0:22; 0:19); (0:53; 0:23)]. However, data in RoboPoint also contains answers
that are instead in natural language for VQA queries such as “what is the person feeding the cat?” We
keep these data as is because these VQA queries are likely to bene�t a VLM's semantic reasoning an
visual generalization capabilities; we �ne-tune HAMSTER's VLM on the entire Robopoint dataset
as given.

Simulation Data. We selected 79 RLBench tasks out of 100 to generate data by removing the tasks
with poor visibility on thefront cam view in RLBench. We use the �rst image in each episode
combined with each language instruction. The �nal dataset contains around 320k trajectories.

Real Robot Data. For the Bridge (Walke et al., 2023) dataset, which only provides RGB images,
we extract trajectories by iteratively estimating the extrinsic matrix for each episode. In each scene,
we randomly sample a few frames and manually label the center of the gripper �ngers. Using the
corresponding end-effector poses, we compute the 3D-2D projection matrix with a PnP (Perspective-
n-Point) approach. We then apply this projection matrix to the episodes and manually check for any
misalignments between the projected gripper and the actual gripper. Episodes exhibiting signi�cant
deviations are �ltered out, and a new round is started to estimate their extrinsic matrix.

For DROID (Khazatsky et al., 2024), a large portion of the dataset contains noisy camera extrinsics
information that do not result in good depth alignment. Therefore, we �lter out trajectories with
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