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Abstract

We study long-horizon planning in 3D environments from
under-specified natural-language goals using only visual ob-
servations, focusing on multi-step 3D box rearrangement
tasks. Existing approaches typically rely on symbolic plan-
ners with brittle relational grounding of states and goals, or on
direct action-sequence generation from 2D vision-language
models (VLMs). Both approaches struggle with reasoning
over many objects, rich 3D geometry, and implicit semantic
constraints. Recent advances in 3D VLMs demonstrate strong
grounding of natural-language referents to 3D segmentation
masks, suggesting the potential for more general planning
capabilities. We extend existing 3D grounding models and
propose Reactive Action Mask Planner (RAMP-3D), which
formulates long-horizon planning as sequential reactive pre-
diction of paired 3D masks: a ”which-object” mask indicat-
ing what to pick and a ”which-target-region” mask specify-
ing where to place it. The resulting system processes RGB-D
observations and natural-language task specifications to re-
actively generate multi-step pick-and-place actions for 3D
box rearrangement. We conduct experiments across 11 task
variants in warehouse-style environments with 1-30 boxes
and diverse natural-language constraints. RAMP-3D achieves
79.5% success rate on long-horizon rearrangement tasks and
significantly outperforms 2D VLM-based baselines, estab-
lishing mask-based reactive policies as a promising alterna-
tive to symbolic pipelines for long-horizon planning.

Introduction
Consider a warehouse robot assigned to autonomously re-
arrange boxes based on natural-language instructions such
as “Move all of the larger boxes on the floor to the back
shelves, but don’t stack them more than two high” or “group
boxes on the pallet by matching color tags, prioritizing yel-
low.” To execute these tasks, the robot must interpret un-
derspecified commonsense instructions, understand the 3D
geometry and semantics of cluttered scenes, and respect
implicit constraints such as keeping boxes compactly and
neatly arranged. Even when the low-level system can reli-
ably move a selected box to a specified destination, deter-
mining which box to move next and where it should go be-
comes a complex long-horizon planning problem when the
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environment contains many objects, relationships, and geo-
metric constraints.

In this work, we focus on the high-level planning prob-
lem: given raw visual input and a natural-language com-
mand, the planner must output a sequence of abstract pick-
and-place actions specifying a source box and a destination
region. A common approach is to insert a symbolic layer
between perception and a symbolic planner, using hand-
designed operator vocabularies, scene graphs, or predicate-
based representations to generate multi-step plans. However,
constructing and maintaining this symbolic layer becomes
difficult and unwieldy. The designer must decide which ge-
ometric and semantic concepts become explicit predicates,
define thresholds and priorities latent in the language, and
ensure that these abstractions can be consistently grounded
from noisy perceptions. Natural-language goals must also be
translated, into formal objectives the planner can interpret.
Finally, as tasks vary, these symbolic choices must remain
coherent so that new goals and constraints integrate cleanly
with existing ones, further increasing the burden of main-
taining the symbolic layer.

In contrast, we explore an alternative that avoids engineer-
ing an explicit symbolic layer altogether. Our approach is
inspired by recent advances in 3D vision-language models
(VLMs), which demonstrate strong capabilities in ground-
ing natural-language referents to 3D segmentation masks.
Here, we consider whether this capability can extend to di-
rect perception-to-action planning, where the referents are
long-horizon task descriptions. Building on these models,
we introduce the Reactive Action Mask Planner (RAMP-
3D) that treats grounded 3D masks as the action space itself.
At each step, the RAMP-3D model processes multi-view
RGB-D observations and the natural-language command to
produce two masks: a which-object mask indicating the next
box to pick and a which-target-region mask specifying its
placement location. These masks are then converted into dis-
crete object and region choices for execution. By repeatedly
invoking the planner in this manner, the agent executes the
full multi-step plan required for the rearrangement task.

While 3D vision–language models such as UniVLG pro-
vide strong single-step grounding of referential expressions,
they are not directly suited for long-horizon planning. First,
UniVLG’s mask predictions for a referent are independent
and in turn insufficient for selecting a coherent pickup box
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and its corresponding placement region. To address this, we
introduce a pair-consistency loss and learned pairing fea-
tures that encourage the model to produce jointly compat-
ible which-object and which-target-region masks. Second,
while UniVLG is trained on large-scale referent-expression
datasets, its performance is very poor on long-horizon task
specifications, which are highly out of distribution. We
therefore develop a training-data generation methodology
that includes: 1) a set of 11 task classes, which cover con-
straints such as height limits, color priorities, spatial order-
ing, and accessibility, into diverse instruction sets, 2) ac-
tion supervision derived from an oracle planner operating on
full state information for each task, and 3) LLM-generated
natural-language paraphrases that expand the task descrip-
tions in the data set. This multi-view RGB-D scene dataset
with 3D action masks paired with varied language enables
the extended model to learn meaningful pickup–putdown as-
sociations and to interpret the broad range of commonsense
directives needed for 3D box rearrangement.

We evaluate RAMP-3D on visually realistic warehouse-
style box-rearrangement tasks involving 1–30 boxes, diverse
goal constraints, and long-horizon language specifications.
The model shows strong test-set accuracy on predicting in-
dividual box–target pairs and achieves up to 90.9% success
when rolled out to produce full plans, with performance
varying by scene complexity. Compared to a 2D VLM-based
baseline, our 3D mask-based architecture attains substan-
tially higher planning success across all task variants. Over-
all, these results demonstrate that leveraging 3D ground-
ing VLMs as reactive planners is a promising direction for
long-horizon 3D rearrangement, while also revealing fail-
ure modes that motivate incorporating additional decision
hierarchy or lookahead search. The results further indicate
potential for extending this framework to richer 3D manipu-
lation domains. In summary, our key contributions are:

1. A formulation of 3D rearrangement planning as
grounded mask selection. We introduce a long-horizon
planning paradigm that expresses high-level actions as
paired 3D “which-object” and “which-region” masks,
avoiding symbolic operators or explicit search.

2. A 3D VLM-based reactive planner with task-specific
training. We develop RAMP-3D by extending a 3D
grounding VLM with architectural and training modifi-
cations that enable sequential pick-and-place decisions.
To our knowledge, this is the first work to investigate
whether models designed for 3D referent grounding can
be adapted to handle natural-language specifications that
require long-horizon planning.

3. A benchmark and empirical evaluation. We provide a
diverse suite of language-conditioned 3D box rearrange-
ment tasks and demonstrate strong long-horizon perfor-
mance compared to a 2D VLM baseline.

Related Works
Our work on long-horizon rearrangement with vision and
language inputs spans several families of methods, includ-
ing symbolic planning interfaces, LLM/VLM-driven deci-

sion making, and learned reactive planners. We summarize
the most relevant threads below.

Symbolic Planning Interfaces. One strategy is to trans-
late raw vision and language into an explicit symbolic rep-
resentation that can be consumed by a classical planner.
This requires perceiving the scene well enough to pop-
ulate hand-engineered predicates, scene graphs, or opera-
tor vocabularies (Jiao et al. 2022; Li et al. 2024). Even
assuming perfect semantic reconstruction, representing the
geometric constraints of 3D manipulation in formalisms
such as PDDL remains difficult, as these languages pro-
vide limited support for continuous spatial relations. Task-
and-motion planning (TAMP) systems (Garrett et al. 2021),
such as PDDLStreams (Garrett, Lozano-Pérez, and Kael-
bling 2020), address some of these limitations by combin-
ing symbolic search with numerical reasoning over object
and robot poses, but they still depend on a symbolic layer
whose expressivity matches the richness of the task.

Even with a sufficiently expressive symbolic layer, trans-
lating natural-language goals into these symbolic structures
introduces another layer of complexity. The planner must
determine which linguistic concepts become explicit predi-
cates, which implicit constraints (e.g., accessibility, order-
ing, stackability) must be encoded numerically, and how
these abstractions should be composed into a coherent goal
specification. Recent work explores using LLMs or VLMs
to assist with this translation, for example, by inferring sym-
bolic goal states (Ding et al. 2023), predicting subgoals
(Yang et al. 2025), or generating PDDL representations di-
rectly from natural language (Han et al. 2024; Huang et al.
2024; Zhang et al. 2024). While promising, these approaches
often rely on oracle-level object information and focus on
settings where language maps cleanly onto a small set of
predicates. As tasks become more varied and constraints
more implicit, maintaining a symbolic vocabulary that re-
mains closed under new goals becomes increasingly diffi-
cult, especially in 3D rearrangement domains.

LLM/VLM-Driven Planning. Another line of work in-
tegrates large language or vision-language models (LLM-
s/VLMs) directly into the decision loop. SayCan (Ahn
et al. 2022) is a prototypical example, using an LLM to
propose high-level actions while a learned value function
grounds them in robot affordances. Later methods treat
LLMs/VLMs as critics, re-rankers, or replanners, prompt-
ing the model to revise an action sequence when execu-
tion fails (Mei et al. 2024). These approaches have shown
promising results in short-horizon tabletop domains but typ-
ically rely on carefully engineered prompts tuned to specific
classes of tasks. Moreover, the VLMs used in these sys-
tems operate on 2D image features, which limits their abil-
ity to reason about 3D geometry, occlusion, and volumetric
relationships–capabilities that are essential for long-horizon
rearrangement. In contrast, our approach is grounded explic-
itly in 3D spatial reasoning by leveraging a 3D grounding
vision-language model. To the best of our knowledge, this is
the first work to use such models for long-horizon planning
in visually complex 3D environments.

Learning Reactive Policies for Planning. Learning goal-
conditioned reactive policies for classical symbolic planning
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Goal: “Create stacks of boxes up to
a maximum height of 2.”

Goal: “Create stacks of boxes up to
height 3, stacking them from right

to left.”

Goal: “Stack the boxes to a
maximum height of 3, completing

one stack completely before
starting another one.”

Goal: “Place all boxes on pallets
and shelves without stacking,
prioritizing blue boxes first.”

Figure 1: Box-rearrangement in warehouse environment using natural language specified goals.

domains has a long history. Early approaches learned gen-
eralized reactive policies by imitating solutions produced by
planners (Khardon 1999; Toyer et al. 2020) or inducing rules
from goals achieved during random walks (Fern, Yoon, and
Givan 2004). These methods replace explicit search at test
time but assume a fully symbolic planning model with hand-
specified predicates and transition rules.

More recent work in hierarchical vision–language–action
(VLA) models, such as π0-style architectures (Black et al.
2024), learns end-to-end vision-based policies from demon-
strations annotated with high-level abstract actions and cor-
responding low-level control behaviors. These systems pro-
duce abstract actions that are subsequently expanded into
motor skills, and have shown strong results in structured
tasks. However, they are fundamentally 2D-vision systems
that make decisions using only the current egocentric view,
without constructing a persistent 3D scene representation.
As a result, their ability to reason about occluded objects,
geometric structure, and spatially extended environments is
limited. Moreover, such models are typically trained on rel-
atively narrow activity domains (e.g., cooking or tool use)
with limited natural-language variability, in contrast to our
setting where language conveys diverse commonsense con-
straints for long-horizon 3D rearrangement tasks.

Our approach differs in that we build a full 3D grounding
model of the environment and express high-level decisions
directly through grounded 3D masks, enabling reactive plan-
ning informed by the accumulated 3D structure of the scene
rather than a 2D image views.

Problem Formulation
We consider the task of long-horizon box rearrangement
from 3D visual input and natural-language goals. To iso-
late the core challenges, we focus on a warehouse-style box
rearrangement domain. This setting contains rich 3D struc-
ture, multi-step spatial dependencies, and a broad range of
linguistically underspecified goals, yet limits the semantic
breadth of object types. Although more general semantic
domains are possible, box rearrangement already captures
many of the complexities of long-horizon 3D manipulation
including spatial relations, accessibility constraints, order-
ing requirements, and sequential dependencies.

At each high-level planning step, we assume that the plan-
ner receives a set of posed RGB-D images that collectively

cover the workspace. These images may come from mo-
bile robots carrying calibrated cameras, static overhead cam-
eras, or a combination of sources. After each executed pick-
and-place action, the visual observations are refreshed to re-
flect the updated scene. Each camera view is associated with
known intrinsics and an estimated camera-to-world pose,
obtained either from robot SLAM or from fixed calibration,
enabling consistent 3D reconstruction across views.

Formally, each problem instance consists of a set of boxes
B, pallets P , and shelves S arranged on a planar floor. At
time step t, the environment occupies an unobserved state
st. The planner receives a natural-language goal g together
with a collection of V RGB-D observations:

Ot =
(
{(Ivt , Dv

t ,K
v, T v

c→w)}Vv=1, g
)
,

where Ivt ∈ RH×W×3 is the RGB image for view v, Dv
t ∈

RH×W is the corresponding depth map, Kv is the intrinsics
matrix, and T v

c→w ∈ SE(3) is the camera-to-world pose.
Given these observations, the planner must output an ab-

stract pick-and-place action

at = (bt, rt),

where bt ∈ B is the selected box to move and rt is the
target region for placement (e.g., a pallet region, shelf re-
gion, another box, or a floor location). Executing at induces
a transition st → st+1, after which the planner receives up-
dated observations Ot+1 and selects the next action. This
process continues until the planner determines that the task
goal has been satisfied. Our objective is to design a plan-
ner that performs this perception-to-action mapping directly
from 3D observations and the natural-language command.
Importantly, the planner is not provided with an explicit
symbolic representation of the scene or any semantic image
annotations—only raw visual input.

Reactive Action Mask Planner (RAMP-3D)
Figure 2 illustrates our RAMP-3D model, which builds on
the pre-trained UniVLG architecture (Jain et al. 2025), a
state-of-the-art model for grounding natural-language refer-
ent expressions in 3D scenes. RAMP-3D adapts this ground-
ing capability to produce sequential pick-and-place actions
for long-horizon box rearrangement. We first provide a brief
overview of the UniVLG architecture, referring the reader to
the original work for full technical details. We then describe
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Figure 2: Overview of RAMP-3D, built on UniVLG. The model takes posed multi-view RGB-D observations and a natural-
language goal as inputs, encodes visual features with a transformer backbone and voxel-based 3D fusion, and encodes the
goal with a frozen text encoder. A transformer decoder with learnable queries attends jointly to visual and text tokens and
are augmented with pair-contrastive pickup–putdown embeddings and a binary “done” head. At each planning step, the model
outputs a pair of 3D masks indicating the pickup target and target region and a termination probability. The predicted masks are
projected back to instance IDs to yield box–region actions. The planner is run iteratively for long-horizon box rearrangement.

the extensions required to support action-mask prediction,
followed by our training methodology in Section .

UniVLG Overview
UniVLG takes as input a natural-language query and N
posed RGB-D views of a scene, and predicts language-
conditioned segmentation masks over 3D points correspond-
ing to the referenced objects. It begins by converting the
multi-view images into a unified set of 3D visual tokens.
Each RGB-D view is first passed through a transformer-
based image backbone that produces multi-resolution fea-
ture maps. Using the depth values and known camera poses,
every image pixel is then back-projected into 3D space,
yielding a point cloud with associated visual features.

To improve computational efficiency, these 3D points
can optionally be voxelized so that features are aggregated
within each voxel. A multi-view deformable attention mod-
ule further processes these point/voxel tokens so that fea-
tures of each token encode both local appearance and 3D
geometric relationships across views, resulting in a collec-
tion of geometry-aware 3D visual tokens, each associated
with a 3D positional encoding.

Language instructions are encoded using a frozen text en-
coder into contextual token embeddings, with the tokens
corresponding to referring phrases identified for supervi-
sion. A transformer-based mask decoder maintains Q learn-
able queries, which iteratively update through self-attention
across queries and cross-attention to both the 3D visual to-
kens and the language embeddings. After several decoding
layers, for each query UniVLG outputs:
• Text span logits: computed by comparing the updated

query embedding to language embeddings, indicating
which tokens (referenced object) in the input sentence
the query refers to.

• Mask logits: computed by projecting the query embed-
ding onto the 3D visual tokens, producing a per-point
mask over the scene for the referenced object.

For our mask-based reactive planner, we employ Swin
Transformer(Liu et al. 2021) as the visual backbone and
RoBERTa-base (Liu et al. 2019) as the text encoder.

Extending UniVLG to RAMP-3D
We introduce two architectural modifications to the UniVLG
decoder that adapt the model to the box-rearrangement plan-
ning setting. These modifications allow the model to pro-
duce paired pickup-putdown predictions and to determine
when the high-level plan should terminate.

Pair-contrastive features. A key requirement of our plan-
ner is that it must output a pair of consistent predictions:
a pickup target and a corresponding putdown region that
together define a valid action. To encourage the model to
learn such structured dependencies, we introduce a pair-
contrastive module built on top of the decoder queries.

Concretely, we use two sets of learnable linear projec-
tions, Wpair

q and Wpair
k . For each query zi, we compute:

qi = Wpair
q zi, ki = Wpair

k zi,

where qi serves as a pickup embedding and ki serves as a
putdown embedding. For query indices J , we compute pair-
wise compatibility scores:

sij = ⟨qi,kj⟩, (i, j) ∈ J , i ̸= j.
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At inference time, these scores guide the joint selection
of pickup and putdown queries. We first identify a small
set of top-K (with K = 5) high-confidence pickup candi-
dates, and for each candidate compute compatibility against
all putdown queries. The final action is maximizes the com-
bined classification confidence and pairwise compatibility.

Last-action predictor. We add a lightweight “done” head
enabling the model to signal when no further moves are re-
quired. This head is implemented by a single-hidden-layer
MLP with 256 hidden units that takes all decoder queries as
input and outputs a scalar termination probability.

Mask-space action representation. Our planner operates
directly in mask space. Let X denote the discrete 3D point
cloud constructed from the multi-view RGB-D observations.
At each planning step, the model predicts two 3D masks:

M pick
t , M target

t ∈ {0, 1}X

corresponding to the pickup object and its putdown region.
These masks are then translated into high-level action com-
mands for a pick-and-place controller. In our simulation ex-
periments, this corresponds to projecting the masks back to
object IDs (the object with highest mask coverage) and ge-
ometric target regions, yielding the discrete action (bt, rt)
for execution. In a robotics deployment, the masks would be
translated to robot relative coordinates and passed to a pick-
and-place controller that is trained or program to interpret
the provided coordinates.

This mask-based formulation turns the 3D grounding
model into a semantics-to-geometry planning interface: pre-
dicted masks inherently encode geometric feasibility and oc-
cupancy constraints, allowing the planner to reason over 3D
structure without an explicit symbolic abstraction.

Training Data Generation
We generate training data using the IsaacSim simulator, col-
lecting multi-view RGB-D observations, instance annota-
tions, and ground-truth pick-and-place actions produced by
an oracle planner for box rearrangement tasks.

Simulation Environment: Scenes are defined over a 12
m × 12 m warehouse with a planar floor and populated with:

• Pallets: serve as single layered placement surface for
boxes. Each scene contain up to 3 pallets which comes in
one of two sizes: small (accommodating roughly 4 boxes
per level in a 2× 2 arrangement) and large (accommodat-
ing roughly 6 boxes in a 2 × 3 arrangement). Boxes can
be stacked up to three levels high on each pallet.

• Shelves: provide multi-layer storage. Scenes contain up to
2 shelves, either a small shelf (2 boxes per layer), or a
large shelf (3 boxes per layer). Each shelf has 2 horizontal
layers and boxes are not stacked within a layer.

• Boxes: are the objects to be rearranged which share iden-
tical physical dimensions and come in 3 colors (red, blue,
yellow). Each Scene contains up to 30 boxes total.

• Distractors add visual clutter without being manipulated.
Scenes include up to 4 distractors sampled from 6 types:
five distinct barrel types and a traffic cone.

Task Variant Description

Basic placement Placement with stacking limits.
Box type prioritization Place designated box types first.
Shelf prioritization Fill shelves before using pallets.
Pallet prioritization Fill pallets before using shelves.
Placement ordering Follow specified left/right order.
Size-based prioritization Fill specified sizes first.
Avoid stacking Stack only when needed.
Homogeneous stacks Only one box type per stack.
Box-type segregation Single box type per pallet/shelf.
Finish stack first Complete the current stack first.
Box accessibility Keep selected types accessible on

top or in homogeneous stacks.

Table 1: List of task variants. Each variant captures different
commonsense constraints on final configurations and inter-
mediate placement ordering. All tasks permit stacking up to
three boxes high where allowed.

Scene Initialization: Pallets, shelves, and boxes spawn in
separate designated floor regions, with distractors spawn-
ing alongside boxes. We ensure collision-free placement of
pallets and shelves, applying random yaw rotations in {0°,
90°} to increase visual diversity. Boxes and distractors are
spawned without collision awareness and settle to arbitrary
orientations through physics simulation before data collec-
tion begins. Multi-view observations are captured using V =
30 cameras positioned on a circular trajectory (radius 5.0 m,
height 5.0 m) pointing toward the scene center. We record
RGB images, depth maps, and instance segmentations—the
latter used to generate ground-truth masks for supervision,
though not provided as input to the model.

Task Variants: We define 11 task variants that capture
diverse commonsense constraints in warehouse rearrange-
ment. These tasks constrain both final configurations and in-
termediate placement ordering. Box stacking is permitted up
to three boxes high unless specified otherwise. We outline
these tasks in Table 1. For each task type we create three
natural-language goal templates with randomly sampled pa-
rameters (e.g., maximum stack height, prioritized box type,
preferred pallet size) that capture the task constraints.

Data Collection Procedure: Training data are generated
by constructing and solving box-rearrangement tasks in
IsaacSim. For each task instance, we sample a task variant,
instantiate a corresponding scene, and apply a task-specific
oracle planner to compute a sequence of ground-truth pick-
and-place actions. Note that for most steps there exist multi-
ple valid actions and our oracle selects a single ground truth
action with the smallest pickup-to-putdown distance.

After each oracle action, we record multi-view RGB im-
ages Ivt , depth maps Dv

t , instance segmentations Zv
t (used

only for deriving supervision), and camera poses T v
c→w ∈

SE(4), along with camera intrinsics Kv and the natural-
language goal g. Each such snapshot forms a training ex-
ample for predicting the next abstract action masks, where
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ground-truth masks are derived from the instance segmenta-
tions and the oracle-selected pick-and-place action. Our re-
sulting dataset comprises approximately 9.5k unique scene
samples of which we hold out 2.2K for testing data.

Natural Language Data Augmentation: To improve lan-
guage generalization, we apply language augmentation us-
ing LLM-based paraphrasing. Each generated training sce-
nario is originally associated with a template-based natural-
language goal. We augment the training data beyond the
templates by using the gpt-oss-120b model (Agarwal et al.
2025) to generate up to three semantically equivalent vari-
ants for each training instance. The model is prompted with
the original natural-language goal and object descriptions,
requesting paraphrases that preserve the intended meaning
while varying linguistic form. Since UniVLG requires ex-
plicit referring phrases for supervision, we additionally ap-
pend the phrase “selected pickup box, selected putdown ob-
ject” to each augmented instruction to provide grounding
signals for both pickup and putdown mask prediction.

Auxiliary Prediction Tasks: Beyond basic pick-and-
place supervision, we also generate other language-
conditioned tasks at each planning step to encourage the
model to learn more fine-grained scene structure. These aux-
iliary tasks (sampled at a 10% rate during training) include
identifying: (1) all free placement cells, (2) all placed boxes,
(3) boxes in stacks (stack height > 1), (4) accessible boxes,
and (5) all unplaced boxes.

Experimental Results
Baseline: 2D-pointer Designing a meaningful baseline
for long-horizon box rearrangement is challenging, as many
intuitive approaches either require substantial engineering
effort or fail at necessary 3D spatial reasoning. We evalu-
ated several plausible approaches before settling on our fi-
nal baseline. First, we attempted a pure LLM-style planner
inspired by SayCan (Ahn et al. 2022), prompting an LLM
to output pickup-putdown pairs directly, given privileged,
ground-truth scene information. However, the model strug-
gled to consistently satisfy accessibility and stacking con-
straints. We next explored whether a state-of-the-art 2D vi-
sion–language pointing model (Molmo (Deitke et al. 2024))
could identify the next object and placement region, but such
models are designed for referential grounding rather than
task-driven spatial reasoning and performed poorly.

These observations motivated a more structured 2D com-
position, leading to our final baseline, 2D-pointer. In stage
one, GPT-5.1 serves as a high-level planner, producing con-
cise relational descriptions of the box and target region
based on language goal, 5 RGB images (4 orthogonal views
plus top-down), and aided by 2 in-context examples. In stage
two, Molmo-72B grounds these descriptions in the top-down
image, “pointing” to the corresponding locations. We then
recover discrete box and region by mapping the 2D points
to instance IDs via the instance map. This baseline probes
how far one can push a describe–then–ground pipeline us-
ing strong, off-the-shelf 2D VLMs. We evaluate it only in
settings without shelves, since the top-down pointing mech-
anism is not well suited to multi-layer putdown surfaces.

Action Execution Modes: Before evaluating our planner
models, we specify the assumptions on the low-level pickup-
putdown controller. We assume the low-level controller can
execute the putdown so as to align the box orientation with
that of the target region, leading to a neatly packed arrange-
ment. We consider two execution modes: (i) snap-to-target
mode, in which the controller is provided with the ideal
placement location on the predicted putdown target, and (ii)
free-form mode, in which the controller executes the put-
down exactly at the location predicted by the planner.

For RAMP-3D, the putdown location in free-form mode
is calculated by averaging the 3D coordinates of all points in
the predicted putdown target mask. For the 2D-pointer base-
line, the putdown location is computed by backprojecting
the pointed 2D location in the top-down view into 3D using
the corresponding depth image, camera intrinsics, and cam-
era pose. A known limitation of the UniVLG model is that
output masks are not always contiguous components with
small noisy disconnected segments. We use standard post
processing of each predicted mask using the DBSCAN clus-
tering algorithm to retain only the largest cluster of points.

One-Step Prediction Performance: We first evaluate
RAMP-3D and 2D-pointer on their single-step action accu-
racy. All accuracies are measured with respect to the 2.2K
held-out test instances, noting that 2D-pointer is unable to be
evaluated on instances involving shelves. A pick-and-place
action is considered to be valid if it satisfies all task con-
straints, including both the final configuration requirements
and any object and placement ordering constraints.

Table 2 reports the snap-to-target mode’s percentage of
valid one-step actions over all the test instances and aggre-
gated by number of boxes in a scene. We see that RAMP-
3D achieves 96.8% versus 2D-pointer’s 41.4%. In analyz-
ing the outputs of 2D-pointer, we found that its most fre-
quent failure mode was pointing to unplaced boxes for both
the pickup and putdown locations. We believe this arises be-
cause pallet placement cells lack distinct, object-like visual
cues, whereas MOLMO is primarily trained to point to vi-
sually distinctive objects. As a result, the model tends to de-
fault to salient box regions rather than the intended place-
ment locations. Finally, we notice that RAMP-3D shows
only a modest decrease in performance as scenes become
more cluttered with number of boxes, maintaining relatively
consistent accuracy across the full range of problem sizes.

We now evaluate the free-form action-selection mode to
compare the raw putdown target localization accuracy of the
two models. Here we only consider actions with target boxes
or pallets, since 2D-pointer is not evaluated on shelf targets.
Because localization error is only meaningful for valid ac-
tions, all reported numbers are averaged exclusively over
valid predictions, meaning that RAMP-3D is evaluated on
a substantially larger set of examples than 2D-pointer. Ta-
ble 3 reports the Euclidean distance between each model’s
predicted putdown location and the ground-truth target cen-
ter. Overall the localization accuracy of both systems is quite
small and within a reasonable range for a heuristic snap-to-
target pick-and-place controller.
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Num boxes RAMP-3D (%) ↑ 2D-pointer (%) ↑
1–10 97.9 42.4

11–20 97.1 39.2
21–30 94.4 43.1

Aggregate 96.8 41.4

Table 2: One-step plan validity in snap-to-target mode.

Putdown target RAMP-3D (m) ↓ 2D-pointer (m) ↓
Pallet cell 0.167 ± 0.11 0.125 ± 0.06

Box 0.124 ± 0.08 0.132 ± 0.07

Aggregate 0.142 ± 0.09 0.129 ± 0.07

Table 3: Putdown target placement error in free-form mode.

Mask Quality Evaluation: We now evaluate how accu-
rately the masks produced by RAMP-3D correspond to
ground-truth 3D masks, providing a direct measure of how
well the model captures the semantic structure of the en-
vironment. We compute the intersection-over-union (IoU)
between the predicted and ground-truth masks for both the
pickup box and the putdown region. A prediction is consid-
ered correct at IoU threshold τ only if both masks achieve
IoU ≥ τ . Figure 3 reports these joint target-identification
accuracies across scenes grouped by the number of boxes.

In computer vision benchmarks, τ = 0.25 is often con-
sidered a strong IoU threshold, and we observe that RAMP-
3D maintains high joint accuracy at this level across all
scene sizes. As expected, accuracy decreases at more strin-
gent thresholds, but remains above 50% for τ = 0.5 and
τ = 0.75 except in the most cluttered scenes. To under-
stand the specific sources of error, we also report per-target
accuracies (Fig. 3). The most challenging predictions con-
sistently involve placement cells. We hypothesize that this
gap arises because individual placement cells lack distinc-
tive, instance-specific visual cues in RGB-D space, making
them inherently harder to localize than boxes.

We notice that RAMP-3D maintains high joint target-
identification accuracy, especially in sparsely cluttered
scenes. On the other hand, even when counting any feasible
pickup-putdown pair detection as success, the 2D pointing
pipeline produces a viable action on average in only 33.9%
of test samples and exactly matches the oracle pickup and
putdown in just 2.0% of cases. In contrast, RAMP-3D cor-
rectly identifies both targets with IoU ≥ 0.25 in 89% of
scenes on average. While the metrics are not directly com-
parable, this analysis suggests that operating directly in 3D
mask space makes it substantially better to consistently se-
lect correct pickup-putdown pairs.

To understand which targets are most challenging, we also
report per-target identification accuracy in Fig. 3. The lowest
accuracies consistently correspond to placement cells. We
hypothesize that this performance gap between the cells and
boxes arises because individual placement cells do not ex-
hibit strong, instance-specific visual cues in RGB-D space.

Taken together, these results indicate that RAMP-3D not
only predicts valid actions at a much higher rate than the
2D-pointing baseline, but also produces high-IoU masks that
reflect strong 3D grounding and scene understanding.

Multi-Step Plan Evaluation We now evaluate RAMP-3D
as a full long-horizon planner by rolling it out to completion
on held-out scenes. Note that due to 2D-pointers high single-
step error rate it is unable to successfully produce full plans
and is not included in the multi-step evaluation.

(a) Mask prediction by accuracy number
of boxes.

(b) Accuracy by target types.

Figure 3: Joint target identification accuracy by number of
boxes and target identification difficulty for RAMP-3D, bro-
ken down by the type of targets.

Fig 4 breakdown the planning performance across 200
randomly generated test scenarios, spanning all 11 task vari-
ants and scenes with 1–30 boxes. A plan rollout is consid-
ered successful when it terminates in a configuration that
satisfies all task constraints (including ordering and interme-
diate constraints). Overall, RAMP-3D achieves 79.5% plan
success in the snap-to-target mode and 66.5% success in the
free-form mode. There is a significant gap between snap-to-
target and free-form. In free-form mode, predicted masks are
converted to continuous 3D putdown locations, which can
produce slightly shifted, yet still geometrically valid, place-
ments compared to the discretized placement cells used in
training. These small deviations accumulate over multiple
steps, pushing scenes out of the training distribution and am-
plifying failures.

Plan success degrades systematically with increasing
scene complexity. With 1–10 boxes, RAMP-3D succeeds
on 87.8% of rollouts with snap-to-target and 81.1% in
free-form mode, whereas for the most cluttered 20–30 box
scenes, success decreases to 66.7% and 45.6%, respectively.
This suggests that while the RAMP-3D remains robust in
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Figure 4: Long-horizon plan success rates for RAMP-3D under snap-to-target and free-form action execution. Bars show the
percentage of rollouts without any invalid actions, broken down by number of boxes per scene and task variants. RAMP-3D
attains 79.5% success on average in snap-to-target mode and 66.5% in free-form mode.

moderately cluttered scenes, the combination of longer hori-
zons and more intricate object interactions makes it increas-
ingly likely to violate ordering or stacking constraints.

Performance also varies across task families. Tasks with
relatively local structure, such as Basic placement, Size-
based prioritization, and Finish stack first, attain high suc-
cess rates, indicating that RAMP-3D can reliably real-
ize goals that primarily require filling particular pallets or
shelves in a prescribed order. In contrast, tasks that encode
more global or fragile constraints, Avoid stacking, Homoge-
neous stacks, and especially Box accessibility are substan-
tially harder. These require anticipating long-term conse-
quences of actions, which is challenging for a strictly re-
active policy with no lookahead. Finally, we see the gap
between snap-to-target and free-form execution becomes
larger for the most difficult tasks due to the longer horizons
which can result in highly out-of-distribution scenes.

Language Generalization
All language utterances used for training are produced by the
paraphraser using the three hand-crafted natural-language
templates per task type. This makes it difficult to guarantee
that a specific linguistic variation used in testing are never
encountered during training. Here, we hold out three canon-
ical templates during training and use them as a test set to
probe the robustness of the model to new language realiza-
tions of the same underlying goal. The percentage points
change of valid one-step actions for snap-to-target execution
with these templates as task instructions are listed in Table 4.
The results shows a minor decrease in performance relative
to the instructions from the paraphraser. However, the over-
all degradation is modest, indicating strong generalization.
Larger scale training on wider varieties of paraphrasers will
likely improve this dimension of performance.

Auxiliary Task Ablation: We also evaluate the effect of
training with and without the auxiliary tasks. Table 4 shows
that removing the auxiliary objectives from the training data
yields a 1.7% decrease in the one-step action validity. This
suggests that auxiliary tasks provides additional albeit rela-
tively modest learning signal.

Experiment 1-10 11-20 21-30 Agg

Lang. generalization gap -4.3 -5.6 -2.3 -4.4
(held-out templates vs main)

Auxiliary objective gap -2.4 -2.1 -0.8 -1.9
(w/o auxiliary vs main)

Table 4: Language generalization and auxiliary task abla-
tion. Percentage performance gaps from the base model.

Conclusion and Future Works
We demonstrate that 3D grounding models provide a viable
alternative to current 2D pipelines for long-horizon spatial
rearrangement. By formulating actions as paired 3D masks,
we show that a learned 3D grounding model can achieve
high one-step validity and strong multi-step success across
a diverse language-conditioned box rearrangement tasks,
without explicit symbolic operators or search.

At the same time, several limitations highlight opportu-
nities for improvements. First, while our scenes contain a
relatively large number of objects, their visual and geomet-
ric complexities are fairly limited. We hypothesize that scal-
ing the dataset variety along with model-size will provide
significantly improved performance and generalization ca-
pabilities. Second, the planner is strictly reactive without
multi-step lookahead. This works well for many common-
sense rearrangement goals where local improvements align
with global objectives, but is likely insufficient for non-
commonsense or tightly constrained tasks. Another direc-
tion is to couple mask-based 3D grounding with optimiza-
tion tools such as bin-packing or combinatorial solvers.

Finally, we assumed that any valid pickup–putdown pair
selected by the high-level planner are executable. In real-
istic robotic systems, reachability, collision avoidance, and
sensing errors will restrict which actions are actually feasi-
ble. Incorporating robot-specific feasibility into the training
signal, or embedding RAMP-3D within a closed-loop con-
trol stack that can detect infeasible actions and recover from
failed executions is an important direction for future work.

736



Acknowledgments
This work is supported by NSF Award 2321851, DARPA
contract HR0011-24-9-0423, and the NVIDIA Academic
Grant Program.

References
Agarwal, S.; Ahmad, L.; Ai, J.; Altman, S.; Applebaum,
A.; Arbus, E.; Arora, R. K.; Bai, Y.; Baker, B.; Bao, H.;
et al. 2025. gpt-oss-120b & gpt-oss-20b model card. arXiv
preprint arXiv:2508.10925.
Ahn, M.; Brohan, A.; Brown, N.; Chebotar, Y.; Cortes, O.;
David, B.; Finn, C.; Fu, C.; Gopalakrishnan, K.; Hausman,
K.; et al. 2022. Do as i can, not as i say: Grounding language
in robotic affordances. arXiv preprint arXiv:2204.01691.
Black, K.; Brown, N.; Driess, D.; Esmail, A.; Equi, M.; Finn,
C.; Fusai, N.; Groom, L.; Hausman, K.; Ichter, B.; et al.
2024. π0: A Vision-Language-Action Flow Model for Gen-
eral Robot Control. arXiv preprint arXiv:2410.24164.
Deitke, M.; Clark, C.; Lee, S.; Tripathi, R.; Yang, Y.; Park,
J. S.; Salehi, M.; Muennighoff, N.; Lo, K.; Soldaini, L.; et al.
2024. Molmo and pixmo: Open weights and open data for
state-of-the-art multimodal models. arXiv e-prints, arXiv–
2409.
Ding, Y.; Zhang, X.; Paxton, C.; and Zhang, S. 2023. Task
and motion planning with large language models for object
rearrangement. In 2023 IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems (IROS), 2086–2092.
IEEE.
Fern, A.; Yoon, S. W.; and Givan, R. 2004. Learning
Domain-Specific Control Knowledge from Random Walks.
In ICAPS, 191–199.
Garrett, C. R.; Chitnis, R.; Holladay, R.; Kim, B.; Silver, T.;
Kaelbling, L. P.; and Lozano-Pérez, T. 2021. Integrated task
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