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Abstract— Significant progress has been made in open-
vocabulary mobile manipulation, where the goal is for a robot
to perform tasks in any environment given a natural language
description. However, most current systems assume a static
environment, which limits the system’s applicability in real-
world scenarios where environments frequently change due to
human intervention or the robot’s own actions. In this work,
we present DynaMem, a new approach to open-world mobile
manipulation that uses a dynamic spatio-semantic memory to
represent a robot’s environment. DynaMem constructs a 3D
data structure to maintain a dynamic memory of point clouds,
and answers open-vocabulary object localization queries using
multimodal LLMs or open-vocabulary features generated by
state-of-the-art vision-language models. Powered by DynaMem,
our robots can explore novel environments, search for objects
not found in memory, and continuously update the memory
as objects move, appear, or disappear in the scene. We run
extensive experiments on the Stretch SE3 robots in three real
and nine offline scenes, and achieve an average pick-and-drop
success rate of 70% on non-stationary objects, which is more
than a 2× improvement over state-of-the-art static systems.

I. INTRODUCTION

Recent advances in robotics have made it possible to

deploy robots in real world settings to tackle the open vocab-

ulary mobile manipulation (OVMM) problem [1]. Here, the

robots are tasked with navigating in unknown environments

and interacting with objects following open vocabulary lan-

guage instructions, such as “Pick up X from Y and put it in

Z”, where X, Y, and Z could be any object name or location.

The two most common approaches to tackling OVMM are

using policies trained in simulation and deploying them in the

real world [2–4], or training modular systems that combine

open vocabulary navigation (OVN) [5–8] with different robot

manipulation skills [9–13]. Modular systems enjoy greater

efficiency and success in real-world deployment [14] as

they can directly leverage advances in vision and language

models [9, 12], and are able to handle more diverse and out-

of-domain environments with no additional training.

However, as recent analysis has shown, the primary chal-

lenge in deploying modular OVMM is that limitations of a

module propagate to the entire system [9]. One key module in

any OVMM system is the open vocabulary navigation (OVN)

module responsible for navigating to goals in the environ-

ment. While many such OVN systems have been proposed in

the literature [1, 5–13], they share a common limitation: they

assume static, unchanging environments. Contrast this with

the real world, where environments change and objects are
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moved by either robots or humans. Making such a restrictive

assumption thus limits these systems’ applicability in real-

world settings. The primary reason behind this assumption

is the lack of an effective dynamic spatio-semantic memory

that can adapt to both addition and removal of objects and

obstacles in the environment online.

In this work, we propose a novel spatio-semantic memory

architecture, Dynamic 3D Voxel Memory (DynaMem), that

can adapt online to changes in the environment. DynaMem

maintains a voxelized pointcloud representation of an en-

vironment and adds or removes points as it observes the

environment change. Additionally, it supports two differ-

ent ways to query the memory with natural language: a

vision-language model (VLM) featurized pointcloud, and a

multimodal-LLM (mLLM) QA system. Finally, DynaMem

enables efficient exploration in changing environments by of-

fering a dynamic obstacle map and a value-based exploration

map that can guide the robot to explore unseen, outdated, or

query-relevant parts of the world.

We evaluate DynaMem as a part of full open-vocabulary

mobile manipulation stack in three real world environments

with multiple rounds of changes and manipulating multiple

non-stationary objects, improving the static baseline by more

than 2× (70% vs. 30%). Additionally, we identify an obsta-

cle in efficiently developing dynamic spatio-semantic mem-

ory, namely the lack of dynamic benchmarks, since many

OVN systems use static simulated environments [15, 16]

or static datasets [17, 18]. We address this by developing

a new dynamic benchmark, DynaBench. It consists of 9

different environments, each changing over time. We ablate

our design choices in this benchmark. To the best of our

knowledge, DynaMem is the first spatio-semantic memory

structure supporting both adding and removing objects.

II. METHOD

In this section, we define our problem setup, and then

describe our online, dynamic spatio-semantic memory for

open world, open vocabulary mobile manipulation.

A. Problem Statement

We create our algorithm, DynaMem, to solve open vocab-

ulary mobile manipulation (OVMM) problems in an open,

constantly changing world. The goal in OVMM is for a

mobile robot to execute a series of manipulation commands

given arbitrary language goals. We assume the following

requirements for the memory module for dynamic, online

operation:
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• Observations: The mobile robot is equipped with an on-

board RGB-D camera, and unlike prior work [9], doesn’t

start with a map of the environment. Rather, the robot

explores the world and use the online observed sequence

of posed RGB-D images to build its map.

• Environment dynamism: The environment can change

without the knowledge of the robot.

• Localization queries: Given a natural language query (i.e.

”teddy bear”), the memory module has to return the 3D

location of the object or determine that the object doesn’t

exist in the scene observed thus far.

• Obstacle queries: The memory module must determine

whether a point in space is occupied by an obstacle.

Both the location of the objects and obstacles can move,

previous observations often contradict each other and must

be resolved by the memory.

B. Dynamic 3D Voxel Map

Our answer to the challenge posed in the Section II-A is

DynaMem. DynaMem is an evolving sparse voxel map with

associated information stored at each voxel. In each non-

empty voxel, alongside its 3D location (x, y, z), we also store

source image ID I (which image the voxel was backprojected

from), a high-dimensional semantic feature vector f coming

from a VLM like CLIP [19] or SigLIP [20], and the latest

observation time, t, in seconds.

To make this data structure dynamic, we describe the

process with which we add and update with new observations

and remove outdated objects and associated voxels.

Adding Points: When the robot receives a new set of

observations, i.e. RGB-D images with global poses, we

convert them to 3D coordinates in a global reference frame,

and generate a semantic feature vector for each point. The

global coordinates are calculated from the global camera

pose and the backprojected depth image using the known

camera transformation matrix. Once we have calculated the

points and associated features, we cluster the new points

and assign them to the nearest voxel grids. The observation

time and image ID are updated to keep track of the latest

observation contributing to a particular voxel. If a voxel was

empty before assignment, we assume its count C = 0 and

feature vector f =
−→
0 .

Removing Points: When an object is moved or removed,

its associated voxels in DynaMem may get removed. We

use ray-casting to find the outdated voxels. The operation

follows a simple principle: if a voxel falls within the frustum

between the camera plane and the associated view point

cloud, that voxel must be unoccupied. To reduce the impact

of the depth noise at long range, we don’t consider any pixel

whose associated depth value is over 2m.

C. Querying DynaMem for Object Localization

As described in Section II-A, we define the object lo-

calization or 3D visual grounding problem as a function

mapping a text query and posed RGBD images to either the

3D coordinate of the query object, or ∅ if the object is not in

the scene. Unlike previous work, we abstain from returning

a location when an object is not found. To enable this, we

factor this grounding problem into two sub-problems. The

first is finding the latest image where the queried object could

have appeared. The second is identifying whether the object

is actually present in that image. For the first sub-problem,

we propose two alternate approaches of visual grounding:

one using the intrinsic semantic features of DynaMem, and

another using state-of-the-art multimodal LLMs such as

GPT-4o [21] and Gemini 1.5 Pro [22]. Then, we use an open-

vocabulary object detector model such as OWL-v2 [23] to

search that image for the queried object. If we don’t find

the queried object, we assume that the object has either

moved, or the response from the voxelmap or mLLM was

inaccurate, and respond with “object not found”. If OWL-v2

returns an object bounding box, we find the median pixel

from the object mask and return its 3D location. To navigate

in a real-world environment, robots use an obstacle map in

conjunction with a navigation algorithm like A* in [9, 24].

III. REAL WORLD EXPERIMENTS

We evaluate our method, DynaMem, on a Hello Robot:

Stretch SE3 in real world environments. As a baseline, we

compare with OK-Robot [9], a state-of-the-art method for

OVMM. OK-Robot uses a static voxelmap as its memory

representation, and thus it highlights the importance of

dynamic memory for OVMM in a changing environment.

For DynaMem, we run two variations of the algorithm in

the real world: one with VLM-feature based queries and one

with mLLM-QA based queries.

During our experiments in three dynamic environments

and with 30 queries, we find that DynaMem with both VLM-

feature based and mLLM-QA based queries have a total

success rate of 70%. This is a significant improvement over

the OK-Robot system, which has a total success rate of 30%.

Notably, DynaMem is particularly adept at handling dynamic

objects in the environment: only 6.7% of the trials failed due

to our system not being able to navigate to such dynamic

objects in the scene. This is in contrast to the OK-Robot

system, where 53.3% of the trials failed because it could not

find an object that moved in the environment. In contrast,

navigating to static goals fails in only 10% of the cases

for DynaMem with VLM-feature, 13.3% for OK-Robot and

20% for DynaMem with mLLM-QA.

IV. CONCLUSIONS

In this work, we introduced DynaMem, a spatio-semantic

memory for open-vocabulary mobile manipulation that can

handle changes to the environment during operation. We

showed in three real world environments that DynaMem can

navigate to, pick, and drop objects even while object and

obstacle locations are changing.
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