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Figure 1. With 3D-Mem, explored regions are represented by a set of Memory Snapshots capturing clusters of co-visible objects, i.e., the
objects observable in a single image observation, along with their spatial relationships and background context, as shown in the bottom-left
example. Unexplored regions are represented by navigable frontiers along with image observations, referred to as Frontier Snapshots.

Abstract

Constructing compact and informative 3D scene represen-
tations is essential for effective embodied exploration and
reasoning, especially in complex environments over ex-
tended periods. Existing representations, such as object-
centric 3D scene graphs, oversimplify spatial relationships
by modeling scenes as isolated objects with restrictive tex-
tual relationships, making it difficult to address queries re-
quiring nuanced spatial understanding. Moreover, these
representations lack natural mechanisms for active explo-
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ration and memory management, hindering their applica-
tion to lifelong autonomy. In this work, we propose 3D-
Mem, a novel 3D scene memory framework for embodied
agents. 3D-Mem employs informative multi-view images,
termed Memory Snapshots, to capture rich visual informa-
tion of explored regions. It further integrates frontier-based
exploration by introducing Frontier Snapshots—glimpses of
unexplored areas—enabling agents to make decisions by
considering both known and potential new information. To
support lifelong memory in active exploration settings, we
present an incremental construction pipeline for 3D-Mem,
as well as a memory retrieval technique for memory man-
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agement. Experimental results on three benchmarks demon-
strate that 3D-Mem significantly enhances agents’ explo-
ration and reasoning capabilities in 3D environments, high-
lighting its potential for advancing applications in embod-
ied AL

1. Introduction

Embodied agents operating in complex 3D environments
require robust and lifelong scene memory to store rich vi-
sual information about the environment, supporting effec-
tive exploration and reasoning over extended periods. Cur-
rently, there are two main streams of scene representations.
The first stream focuses on object-centric representations,
particularly 3D scene graphs [8, 36], that represent scenes
using nodes for objects and edges for inter-object relation-
ships. Another stream directly uses dense 3D representa-
tions, such as point clouds [4, 5, 14, 42] or neural fields
[15, 23, 35], filling 3D space with dense visual features for
querying.

However, these scene representations exhibit significant
limitations when employed as scene memory for embodied
agents. Object-centric representations like 3D scene graphs
tend to oversimplify 3D scenes by modeling them as indi-
vidual objects and quantizing inter-object relationships into
restrictive textual descriptions. This approach results in the
loss of critical spatial information, making it difficult to an-
swer questions that require an understanding of spatial re-
lationships. As illustrated in the bottom-left example from
Figure 1, when attempting to answer the question “Is there
enough room to place a coffee table in front of the arm-
chair?” using a 3D scene graph, the only spatial-related
information we can access are the numerical 3D bound-
ing boxes of the objects and the textual descriptions of the
spatial relationships among them. It is challenging to mea-
sure unoccupied space or determine oriented spatial rela-
tionships such as “in front of” based solely on this informa-
tion. On the other hand, dense 3D representations like point
clouds or neural fields [10, 12, 38, 40] are computationally
expensive and lack scalability as the scene grows during
the agent’s exploration. Meanwhile, unlike vision-language
models (VLMs) and large language models (LLMs) that ef-
fectively reason over images and text, current foundation
models lack sufficient reasoning capabilities for dense 3D
modalities due to limited training data. Additionally, neither
type of existing scene representation can model unexplored
regions, thus failing to support agents in active exploration,
which restrains agents from leveraging their scene memory
to expand their knowledge and achieve their goals for em-
bodied tasks.

To address these challenges, we introduce 3D-Mem,
a more capable 3D scene memory for embodied agents.
3D-Mem employs a set of informative multi-view images,

termed Memory Snapshots, to encompass the explored re-
gions of a 3D scene. Each memory snapshot captures all ob-
jects visible in that snapshot along with their surroundings.
Our intuition is that a snapshot image alone is sufficient
to capture rich visual information of a region. For exam-
ple, revisiting the challenge illustrated in Figure 1, a mem-
ory snapshot clearly shows that there is sufficient space “in
front of” the armchair to place a coffee table. With the re-
cent advancements in VLMs, these models can extract such
spatial information from images [2, 22], much like humans
do through intuitive observations.

Building upon the concept of employing multi-view
images as 3D scene memory, 3D-Mem integrates with
frontier-based exploration frameworks and extends the con-
cept of “frontiers” to Frontier Snapshots, which repre-
sent glimpses of unexplored regions in a 3D scene. In the
scenario depicted in the top-left example from Figure 1,
we can observe that the frontier snapshot corresponds to
a corridor, which is the most probable path leading to the
front door. By maintaining these frontier snapshots, the
agent can choose either to complete tasks based on its ac-
cumulated knowledge or navigate to unexplored regions for
new information, as illustrated in the embodied question-
answering tasks in Figure 1. Meanwhile, representing both
explored and unexplored regions through multi-view im-
ages allows us to better leverage the decision-making ca-
pability of VLMs, enhancing the agent’s ability to reason
and plan effectively.

Additionally, as agents in lifelong settings continuously
explore and expand their knowledge, the 3D scene memory
system must operate effectively as the memory grows. To
achieve this, 3D-Mem supports real-time incremental mem-
ory aggregation. To efficiently manage the ever-expanding
scene memory, we introduce Prefiltering as an effective
memory retrieval mechanism to select relevant memory dur-
ing decision-making. This framework enables the agent
to perform continuous exploration and navigation over ex-
tended periods without excessive computational burdens.

Extensive experiments and superior performance on
three benchmarks demonstrate that 3D-Mem significantly
enhances agents’ capabilities in reasoning and lifelong ex-
ploration within 3D environments.

Our contributions can be summarized as follows:

* We introduce 3D-Mem, a compact scene memory that
constructs informative multi-view snapshot images to
capture diverse and robust information among co-visible
objects and their surroundings in 3D scenes.

* By introducing frontier snapshots to include unexplored
regions, 3D-Mem enables agents to actively explore and
acquire new information.

* We incorporate 3D-Mem with incremental memory ag-
gregation and prefiltering strategies that enable agents to
expand their knowledge and adapt over extended periods,
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supporting lifelong learning in 3D environments.

2. Related Work

3D Scene Representations. Recent works [24, 32, 39, 42]
have focused on establishing dense 3D representations by
grounding 2D representations captured by Vision-Language
Foundation Models (e.g. CLIP [26], BLIP [19], SEEM [44])
into 3D scenes, which showcase impressive results on tasks
such as open-vocabulary object segmentation and language-
guided object grounding [9]. However, such representations
are limited due to high resource consumption and the inabil-
ity to support dynamic updates. 3D scene graphs address
these limitations by formulating the scene as a compact
graph, where nodes represent objects, and edges encode
inter-object relationships as textual descriptions [1, 7, 8, 18,
36], enabling real-time establishment and dynamic update
for hierarchical scene representations [13, 29, 37]. While
such object-centric representations have demonstrated ef-
fectiveness in various tasks, they remain constrained for
oversimplifying inter-object relationships with restrictive
text descriptions. To tackle this challenge, our work lever-
ages a set of informative memory snapshots to visually cap-
ture spatial and semantic relationships among objects, of-
fering a more sophisticated understanding of the scene.
VLM for Exploration and Reasoning. Vision-Language
Models (VLMs) have shown promising results in solving
embodied exploration and reasoning tasks by leveraging
commonsense reasoning and internet-scale knowledge. Ex-
isting exploration approaches can be divided into two cat-
egories. The former directly employs consecutive obser-
vations together with instructions as input, requiring the
VLM to predict the next-step action [43] while the latter
grounds the exploration target in the 3D scene through vi-
sual prompting, establishing a semantic map to guide the
exploration process [21, 28, 33, 41]. However, both ap-
proaches are constrained by their memory representations.
For the former, vanilla past observations can only serve as
short-term memory. For the latter, their semantic maps are
target-specific and cannot be generalized to future tasks. To
address these limitations, our work introduces the first life-
long and target-agnostic scene memory that can be seam-
lessly integrated with VLM for further reasoning, stepping
closer to the ultimate goal of lifelong autonomy.
Topological Mapping. Besides the 3D scene representa-
tions mentioned above, prior 2D topological mapping meth-
ods like TSGM [17] and RoboHop [6] provide valuable
context. They construct navigation graphs from images and
objects but do not fully capture all objects or their interrela-
tionships. In contrast, 3D-Mem clusters co-visible objects
to represent inter-object spatial relationships, enabling tasks
such as embodied Q&A that extend beyond route planning.
Moreover, its efficient memory retrieval mechanism scales
to lifelong exploration, leveraging VLMs for advanced rea-

soning and decision-making.

3. Approach

3D-Mem contains two types of snapshots: Memory Snap-
shots and Frontier Snapshots. A memory snapshot repre-
sents a cluster of objects and their surroundings in the ex-
plored regions, while a frontier snapshot represents an un-
explored region along with its exploration direction. During
exploration, we construct the set of memory snapshots from
a stream of RGB-D images with poses and maintain frontier
snapshots using frontier algorithms and occupancy maps.
Given an objective and the set of memory and frontier snap-
shots, a VLM agent iteratively selects the most promising
frontier snapshot and moves toward it, continually updating
both sets of snapshots while making decisions, until the ob-
jective is achieved based on the current memory snapshots.

First, in Section 3.1, we introduce how the set of memory
snapshots is constructed from a series of RGB-D observa-
tions with poses. Next, in Section 3.2, we extend this algo-
rithm to incremental construction in active exploration set-
tings. By integrating frontier snapshots, we enable the agent
to actively conduct frontier-based exploration. We also de-
sign methods to efficiently retrieve memory as it scales up.
Finally, in Section 3.3, we detail how the agent utilizes the
constructed memory and frontier snapshots for exploration
and reasoning.

Algorithm 1 Co-Visibility Clustering for Memory Snap-
shots

1: Initial clusters C = {O}

2: Memory snapshot set S = @

3: All frame candidates Z

4: Score function F

5: while C is not empty do

6: O* = argmaxoec |O|

7. IT*={I[l €Z,0" C O;}

8: if Z* is not empty then

9: I" = argmaxyez+ F(I)
10: S*=(0*,I")
11: S=8SU{s"}
12: else
13: Use K-Means to split O™ into two clusters O = O7U

O3 based on 2D horizontal positions (z, y)

14: C=CuU{07,05}
15: end if

16: c=C-{0"}
17: end while
18:
19: while exists Sj, Sk € S such that Is; = Is, do
20: SIS\{SJ7S]C}
21: Sl:<OSj U(’)sk,[sj>
22: S=8SU{S:}
23: end while
return S
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3.1. 3D-Mem Construction

Inspired by the idea that an image itself inherently contains
rich and robust information to represent a small area of a
scene, we propose a novel way that utilizes a set of multi-
view snapshot images to cover the whole informative ar-
eas of a scene. Instead of the object-centric representation
proposed by ConceptGraph[8], in which only object-level
visual features are stored and managed, we propose using
one snapshot image to represent a cluster of co-visible ob-
jects within that image, namely a Memory Snapshot. This
approach not only encapsulates foreground object-level de-
tails but also captures contextual room-level cues embedded
in the background, providing a more holistic representation
of the scene.

3.1.1. Memory Snapshot Formulation

Specifically, given a set of N image observations Z°% =
{I9bs, 18% ..., 1%}, where each I¢%* consists of an RGB-
D image and its pose, we aim to construct a set of memory
snapshots, a minimal subset of T°% to cover all salient ob-
served objects. We first follow ConceptGraph [8] to per-
form a series of object segmentation, spatial transforma-
tions, matching, and merging, resulting in an object set
that contains all detected objects from the observations
O = {01,09,...,0p}, where each object is characterized
by an object category, detection confidence, and 3D lo-
cation. Meanwhile, we obtain a set of frame candidates
T = {I,Is,...,In}, where each I; = (I?**, Or,) consists
of the image observation I?%* together with a set of all de-
tected objects Oy, , i.e., all co-visible objects in I{’bs.

We define & as a set of memory snapshots
{S1,89,...,5k} of size K < N, where each mem-
ory snapshot S, = (Og, , Is, ) is characterized by a frame
candidate Is, € 7 and a cluster of objects Og, , a subset of

all detected objects O Is, in the image Igzs. Therefore, an

image 13" serves as a shared visual feature among Og, .

Since S needs to cover the whole object set O, and each
object 0; needs to be uniquely mapped to one memory
snapshot S (although it may still be visible in other mem-
ory snapshots), we require Og, U Og, U ... U Og,, = O,
and Og, N Og, = T forVS;, S; € S.

3.1.2. Co-Visibility Clustering

To acquire the desired set of memory snapshots, we de-
signed Co-Visibility Clustering based on the classical hi-
erarchical clustering [30] to split O into clusters, each of
which is a subset of the detected object set Oy, of a cer-
tain frame candidate ;. As detailed in the pseudocode in
Algorithm 1, we define a cluster set C composed of all un-
settled object clusters that haven’t been matched with ob-
servations, initialized to contain the full object set { O}, and
the memory snapshot set S, initialized to @. Each time,
we pick the largest unsettled cluster O* from C and search

through all frame candidates for capable candidates /* such
that O™ is a subset of the detected object list of I*. When
such candidates exist, we rank them based on a score func-
tion F and pick the top-ranked frame candidate /* to create
a new memory snapshot S* = (O* I*) and add it to S.
In practice, we choose F(I;) = |Ory,| to select the frame
candidate that contains the most objects, and when more
than one frame candidate has the same largest object num-
ber, we choose the one with the highest sum of detection
confidence. If there is no feasible frame candidate, we then
use K-Means to further divide O* into two subclusters O}
and O3 based on the 2D horizontal positions of the objects,
and add them to C. We repeat the above process until no
clusters remain in C. Note that the process is guaranteed to
terminate since every object has been captured in certain ob-
servations. Ultimately, after all objects have been assigned
to corresponding snapshots, memory snapshots sharing the
same frame candidates are merged to achieve the final com-
pact memory representation S.

In each memory snapshot, not only is the visual infor-
mation of each object stored, but also the spatial relation-
ships between objects and the room-level information are
provided by visual cues in the background. With the in-
creasing perception abilities of VLMs, such multi-view im-
ages representations can provide richer and more robust vi-
sual information for VLMs to complete difficult tasks.

3.2. 3D-Mem with Frontier-based Exploration

We adapt the memory construction algorithm introduced
above to the frontier-based exploration pipeline [28], where
we introduce frontier snapshot as an extension of frontier
(Section 3.2.1). In the frontier-based exploration episode,
an agent is initialized in an unknown scene and explores the
environment step by step. At each step, the agent receives
a series of observations, including rgb, depth, and pose,
which are used to update frontier and memory snapshots
(Section 3.2.2). As the 3D scene memory grows during
exploration, the decision-making becomes computationally
heavy. Therefore we introduce Prefiltering as an efficient
memory retrieval mechanism (Section 3.2.3).

3.2.1. Introduction of Frontier Snapshot

In a common frontier-based exploration framework, an oc-
cupancy map is kept to record the explored regions, de-
fined as the nearby areas along the agent’s trajectory, and
the unexplored regions, defined as navigable but yet-to-be-
explored areas. A frontier is then defined to represent such
an unexplored region that could be further explored. In this
work, we extend this concept by using a snapshot to repre-
sent a frontier, similar to memory snapshots. We define a
Frontier Snapshot F' = (r, p, I°**), consisting of the un-
explored region r it represents, a navigable location p, and
an image observation 7°** from the agent’s position toward
that unexplored region. Therefore, the frontier and memory
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Figure 2. The memory aggregation process of 3D-Mem. At each step ¢, the object set O; is first updated using the object-wise update
pipeline introduced in Section 3.1. The newly detected objects and the updated existing objects are then jointly clustered into new memory
snapshots using co-visibility clustering (Algorithm 1), which are used to update the memory snapshot set S;.

snapshots, which are all raw images, can be directly used
as visual input for the VLMs. More details about frontier-
based exploration are provided in Appendix 9.

3.2.2. Incremental Construction of 3D-Mem

Throughout the exploration process, the scene memory is
dynamically and incrementally constructed. At each explo-
ration step, the agent observes its surroundings and updates
the scene memory and frontiers. At step ¢, we denote the
current object set as Oy, the frontier set as F;, the memory
snapshot set as S, and the frame candidate set as Z;, all of
which are initialized as @ at the beginning of the episode.
Object Update. As illustrated in Figure 2, at each time
step ¢, the agent first captures N egocentric views Z°% =
{I9bs 15 ..., 1%}, which are used to extract the object
set O and the frame candidate set Z similar to Section 3.1.
Specifically, a threshold “max_dist” is set to ensure only
objects within a certain distance from the agent are added to
the scene graph, as the memory snapshot should only repre-
sent objects from a local area. It is important to note that the
object set O detected in these egocentric views may contain
both newly identified objects and those already present in
the previous set O;_1. Subsequently, the full object set and
frame candidate set are updated as O; = O;_1 U O and
Iy = Ty 1 UZ, respectively.

Memory Snapshot Update. We implement the co-
visibility clustering in Section 3.1 incrementally. At each
time step ¢, instead of performing clustering on the entire
object set O;, we focus on clustering objects related to O,
the objects detected from the egocentric views at this step.
In O, some objects may have already been assigned to spe-
cific memory snapshots in S;_;. We refer to those mem-
ory snapshots as Spyery = {5]5 € Si21,0s N O # @}
All objects from Sp,.ey, along with the newly detected ob-
jects in O, are used as input for clustering, denoted as

Oinput- Then, the memory snapshot set is updated as
St = (Si=1 \ Sprev) U Cluster(O;pput, It)

Frontier Snapshot Update. At each step ¢, an existing
frontier from F;_; may be modified if the unexplored re-
gion it represents has been updated, or it may be removed if
the region has been fully explored. Additionally, new fron-
tiers may be introduced. For each newly added or modified
frontier, a new snapshot is taken to update its image repre-
sentation. Then, F;_ is updated to F;. More implementa-
tion details are in Appendix 11.

3.2.3. Memory Retrieval with Prefiltering

During exploration, when we incrementally construct mem-
ory snapshots, the large volumes of memory can make the
agent’s decision-making inefficient and introduce noise un-
related to the objectives. Therefore, we designed a mem-
ory retrieval mechanism called Prefiltering. Since most
memory snapshots are irrelevant to a given instruction and
processing them consumes substantial computational re-
sources without meaningful benefit, we present the VLM
agent with the question along with all object categories in
O;. The VLM agent then outputs the relevant object cate-
gories ranked by importance, retaining only the top K cat-
egories determined by a hyperparameter K. Memory snap-
shots that do not contain any of these K selected categories
are filtered out. Figure 3 illustrates Prefiltering in an embod-
ied question-answering task, showing how the original set
of memory snapshots is reduced based on relevancy. This
technique significantly reduces resource consumption, al-
lowing us to include images directly within the prompt and
enhancing the agent’s efficiency.

3.3. Exploration and Reasoning with 3D-Mem

With the updated frontier and memory snapshots, we can
directly leverage the perception and reasoning capabilities
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Figure 3. 3D-Mem as visual input for the VLM in embodied
question answering. The VLM first retrieves relevant memory
snapshots with prefiltering, then utilizes the frontier snapshots and
memory snapshots to perceive the scene and reason about the em-
bodied questions.

of large VLMs, as the image nature of frontier and mem-
ory snapshots makes them easily interpretable by VLMs.
This is a core advantage of 3D-Mem over other 3D repre-
sentations such as point clouds, as recent VLMs, trained on
internet-scale data, often have stronger visual capabilities
than specially fine-tuned models such as 3D-LLM [10]. A
pseudo-code overview of the whole exploration and reason-
ing framework is in Figure 12 in Appendix.

Versatility in Task Applications. 3D-Mem is versatile and
can be applied to various tasks. In the case of embodied
question answering (illustrated in Figure 3), the VLM agent
decides whether to explore a frontier or answer the ques-
tion based on the current memory snapshots. If the agent
chooses a frontier, it provides a rationale for exploring that
direction; otherwise, it directly answers the question, con-
cluding the exploration episode. In object navigation tasks,
where the agent aims to find a specific object, we augment
each memory snapshot with image crops of the objects it
contains. The agent then selects an object from one of
the memory snapshots to navigate toward. Detailed exper-
iments on these two tasks are presented in Section 4.1 and
4.3, with the complete prompt provided in Appendix 15.
Navigation Strategy. If the VLM agent chooses a fron-
tier F; to explore, the agent then directly navigates towards
the location of the frontier p; from its current pose. The
agent stops either when it has moved a maximum distance
of 1.0m from its original pose or when it arrives within
0.5m of p;. We assume a collision-free planner is avail-
able to guide the agent along the shortest path within the
explored region between the two locations. Experimentally,
we adopt the pathfinder provided by Habitat-sim to com-
pute such paths and move the agent incrementally at each
time step. This strategy is similar to that of ExploreEQA

[28], which also uses VLMs to guide exploration.

4. Experiments

As a form of 3D scene memory, 3D-Mem stores rich and
compact visual information, serving as an effective frame-
work for a lifelong agent to explore and reason about a 3D
scene. To comprehensively evaluate 3D-Mem, we begin
with Active Embodied Question Answering (Section 4.1),
where the scene is initially unknown. This assessment tests
3D-Mem’s overall performance in scenarios that require
both embodied exploration and reasoning. Next, we ex-
amine 3D-Mem’s efficiency in representing 3D scene in-
formation through Episodic Memory Embodied Question
Answering (Section 4.2). In this evaluation, the scene scan
of the ground truth region is provided and no exploration is
needed for question answering. Following this, we evalu-
ate 3D-Mem on GOAT-Bench (Section 4.3), a multi-modal
lifelong navigation benchmark, to demonstrate 3D-Mem’s
effectiveness as a lifelong memory system. Finally, we con-
duct a series of ablation studies to determine key compo-
nents and hyperparameter choices in Appendix 13.

Since 3D-Mem is a versatile scene memory, we adapt
it to different benchmarks in slightly different ways, as de-
tailed in Appendix 10. We also include more discussion and
qualitative analysis in Appendix 7.

4.1. Active Embodied Question Answering

On A-EQA [22] benchmark (Table 1), we evaluate 3D-
Mem’s ability to dynamically construct scene representa-
tions for exploration and reasoning given complex ques-
tions. More implementation details are in Appendix 10.1.

Method LLM-Match © LLM-Match SPL 1
Blind LLMs

GPT-4* 35.5 N/A
GPT-4of 35.9 N/A
Question Agnostic Exploration

CG Scene-Graph Captions™ 344 6.5
SVM Scene-Graph Captions* 34.2 6.4
LLaVA-1.5 Frame Captions* 38.1 7.0
Multi-Frame* f 41.8 7.5
VLM Exploration

Explore-EQAT 46.9 23.4
CG w/ Frontier Snapshots’ 47.2 333
3D-Mem (Ours)’ 52.6 42.0
Human Agent* 85.1 N/A

Table 1. Experiments on A-EQA. “CG” denotes ConceptGraphs.
Methods with * are reported from OpenEQA [22], and with | are
evaluated on the 184-question subset.

Benchmark. A-EQA consists of 557 questions drawn from
63 scenes in HM3D [27]. Due to resource limitations, our
evaluation focuses on a subset of 184 questions, as men-
tioned in the OpenEQA benchmark [22]. We also include
the evaluation of 3D-Mem on the full set in Appendix 6.
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The open-vocabulary and open-ended questions in A-EQA
encompass diverse daily tasks such as object recognition,
functional reasoning, and spatial understanding. For each
question, an agent is initialized at a specific location and is
required to explore the scene to gather the necessary infor-
mation for answering the question.

Metrics. Following OpenEQA, we employ LLM-Match
and LLM-Match SPL for quantitative evaluation. We first
rate each predicted answer from 1 to 5 using GPT-4 to com-
pare ground-truth and predicted answers. Given the pre-
dicted answers, LLM-Match, which measures the answer
accuracy, is calculated as the average score for each ques-
tion, mapped to a 0-100 scale. LLM-Match SPL, which
measures the exploration efficiency, is then calculated by
weighting the LLM-Match score by exploration path length.
For the questions where the VLM Exploration methods
failed to provide an answer, we ask GPT-4o to directly guess
an answer without visual inputs, setting the SPL to 0.0.

Baselines. For baselines that use VLM for exploration, we
mainly compare 3D-Mem with Explore-EQA [28] and Con-
ceptGraph [8] w/ frontier snapshots. We adapt Explore-
EQA for open-ended questions by halting exploration and
answering the question with the egocentric view once the
VLM’s confidence in the question exceeds a predetermined
threshold. We integrate ConceptGraph into our exploration
pipeline by replacing memory snapshots with object image
crops, while maintaining other settings the same, includ-
ing prefiltering and how answers are obtained. We adopt
GPT-4o0 as the choice of VLM by directly utilizing the Ope-
nAl API. Besides the methods that can do active explo-
ration above, we also include other simple baselines im-
plemented by OpenEQA. The group of question-agnostic
exploration baselines employ question-agnostic frontier ex-
ploration to obtain an episodic memory of image frames.
These frames are subsequently used to prompt VLMs di-
rectly (Multi-Frame), generate frame captions as prompts
for LLMs (LLaVA-1.5 Frame-Captions), or construct tex-
tual scene-graph representation using ConceptGraph (CG)
and Sparse Voxel Map (SVM) to prompt LLMs. Addition-
ally, blind LLM experiments are included, where the LLM
is tasked with answering questions without any visual infor-
mation. Note that the Multi-Frame baseline uses 75 frames
for each question, and is evaluated on the 184-question sub-
set. Other baselines from OpenEQA are evaluated on the
full 557-question set.

Analysis. As shown in Table 1, 3D-Mem significantly
outperforms previous methods in both accuracy and effi-
ciency. The major takeaways are as follows: 1) The su-
perior performance in open-ended embodied question an-
swering highlights the advantages of using snapshots as a
memory format, which store richer and more flexible vi-
sual information for the VLM to address complex questions.
In contrast, object-based memory systems, which use ei-

Methods Avg. Frames LLM-Match
Blind LLM* 0 355
CG Captions* 0 34.4
SVM Captions* 0 34.2
Frame Captions®* 0 38.1
Multi-Frame 3.0 48.1
3D-Mem (Ours) 3.1 57.2
Human Full 86.8

Table 2. Experiments on EM-EQA. Frame Efficiency and per-
formance. Methods denoted by * use GPT-4 to generate answers,
as reported in OpenEQA

62.5 -

60.0 e
575

~=— SnapMem w/ GPT-40

E .
= 47.5
45.0
—e— Multi-Frame w/ GPT-40
2 3

-+ 5 6
Average Number of Frames

Figure 4. Frame Efficiency of 3D-Mem on EM-EQA. LLM-
Match Score vs. Average Number of Frames for 3D-Mem and
Multi-Frame both using GPT-40

ther image crops or language captions to represent objects
and spatial relationships, are less robust when handling di-
verse questions, as they rely on rigid object-level features.
2) The multi-frame VLM implemented by OpenEQA also
achieves inferior results, despite using a similar multi-view
imagesrepresentation, because this baseline linearly selects
episodic frames and includes excessive repetitive or irrel-
evant information for the questions. In contrast, 3D-Mem
creates an average of 10.94 memory snapshots from 39.76
egocentric observations after each episode. After prefilter-
ing with K = 10, only 3.26 memory snapshots are retained
as direct input for VLMs. These results demonstrate the
compactness and efficiency of 3D-Mem as scene memory.

4.2. Episodic-Memory Embodied Q&A

We evaluate the representation capability of 3D-Mem on
EM-EQA [22] to further demonstrate 1) the effectiveness of
image memory compared to captions, 2) the compact and
informative nature of our method. More implementation
details are in Appendix 10.2.

Benchmark. EM-EQA is an Embodied Q&A benchmark
that contains over 1600 questions from 152 ScanNet [3]
and HM3D[27] scenes. The open-vocabulary and open-
ended questions in EM-EQA encompass diverse daily tasks
such as object recognition, functional reasoning, and spatial
understanding. For each question, a trajectory comprising
RGB-D observations and the corresponding camera poses
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at each step is provided, offering necessary contextual in-
formation needed to answer the questions.

Baselines. We compare against language-only scene rep-
resentations, including ConceptGraphs captions, Sparse
Voxel Maps Captions, and Frame Captions. We also com-
pare against Multi-Frame, which directly processes 2 to 6
linearly sampled frames using GPT-4o.

Analysis. From the results, we can observe that: 1) As
shown in Table 2, both 3D-Mem and Multi-Frame signifi-
cantly outperform methods that rely on captions to represent
a 3D scene while using only approximately three frames.
This demonstrates the effectiveness of using a set of im-
ages to represent a 3D scene and highlights the limitations
of 3D scene graph captions in addressing complex queries
involving relationships between objects. 2) In both Table 2
and Figure 4, 3D-Mem surpasses Multi-Frame in frame ef-
ficiency, underscoring the compact and informative nature
of our proposed 3D scene memory.

4.3. GOAT-Bench

On GOAT-Bench [16] (Table 3), we evaluate 3D-Mem’s ef-
fectiveness as a lifelong memory system that facilitates effi-
cient exploration and reasoning. More implementation de-
tails are in Appendix 10.3.

Benchmark. GOAT-Bench is a multimodal lifelong navi-
gation benchmark, where an agent is tasked with sequen-
tially navigating to several objects in an unknown scene,
with each target described by either a category name (e.g.,
microwave), a language description (e.g., the microwave on
the kitchen cabinet near the fridge), or an image of the tar-
get object. Due to the large size of GOAT-Bench and the
resource limitations, we assess a 1/10-size subset of the
“Val Unseen” split, consisting of one exploration episode
for each of the 36 scenes, totaling 278 navigation subtasks.
For reference, we also include the evaluation of 3D-Mem
on the full test set in Appendix 6.

Metrics. GOAT-Bench employs the Success Rate and Suc-
cess weighted by Path Length (SPL), similar to A-EQA
dataset. A navigation task is deemed success if the agent’s
final location is within 1 meter from the navigation goal.
SPL is the success score weighted by exploration distances.
Baselines. Similar to the experiments in A-EQA, we
compare 3D-Mem with Explore-EQA [28] and Concept-
Graph [8] baselines. Due to implementation differences in
Explore-EQA, we introduce an additional success criterion
for this baseline: a subtask is considered successful if the
target object is visible in the final observation. This ex-
tra criterion leverages ground truth grounding, thereby en-
hancing the baseline’s capability. To demonstrate the effec-
tiveness of 3D-Mem'’s lifelong memory, we include another
baseline (3D-Mem w/o memory) in which we clear the con-
structed scene graph after each subtask. We also directly
include baselines implemented in GOAT-Bench. However,
these baselines are simple RNN-based models trained via

reinforcement learning, which causes their performance to
lag behind the baselines we implemented.

Analysis. As shown in Table 3, 3D-Mem achieves the high-
est scores compared to previous methods in both accuracy
and efficiency. Our major observations are as follows: 1)
Even though GOAT-Bench is an object-based navigation
benchmark, which is well-suited for ConceptGraph settings,
3D-Mem still outperforms ConceptGraph w/ frontier snap-
shots. This can be attributed 3D-Mem’s multi-view images
representation, which captures more comprehensive infor-
mation, making it easier to match with the diverse descrip-
tions in GOAT-Bench. 2) When compared with the origi-
nal 3D-Mem, the performance of 3D-Mem w/o memory de-
clines for both GPT-40 and LLaVA-7B models, particularly
in efficiency (SPL), indicating that 3D-Mem is beneficial as
a memory system for lifelong learning. 3) Explore-EQA,
which uses a traditional value map for each subtask to indi-
cate regions of interest, also performs worse, as it lacks the
mechanism to memorize information in explored regions.
4) In terms of efficiency, after each episode, 3D-Mem gen-
erates an average of 16.58 memory snapshots from 91.37
egocentric observations, and after prefiltering with K = 10,
only 4.66 memory snapshots are kept for each query.

Method Success Rate T SPL 1
GOAT-Bench Baselines

Modular GOAT* 24.9 17.2
Modular CLIP on Wheels* 16.1 10.4
SenseAct-NN Skill Chain* 29.5 11.3
SenseAct-NN Monolithic* 12.3 6.8
Open-Sourced VLM Exploration

3D-Mem w/o memory! 40.6 14.6
3D-Mem (Ours)' 49.6 29.4
GPT-40 Exploration

Explore-EQAT 55.0 37.9
CG w/ Frontier Snapshots’ 61.5 453
3D-Mem w/o memory! 58.6 38.5
3D-Mem (Ours)t 69.1 48.9

Table 3. Experiments on GOAT-Bench. Evaluated on the “Val
Unseen” split. “CG” denotes ConceptGraphs. Methods denoted
by * are from GOAT-Bench, and with { are evaluated on the subset.

5. Conclusion

We present 3D-Mem, a 3D scene memory framework that
uses a set of informative multi-view snapshot images to
store robust visual information of a 3D scene. With the in-
tegration of the frontier-based exploration framework, 3D-
Mem allows the agent to either leverage the memory of ex-
plored regions to solve tasks or further explore the scene
to expand its knowledge. With its incremental construction
and efficient memory retrieval mechanism, 3D-Mem serves
as an effective memory system for lifelong agents. Exten-
sive experiments demonstrate the significant advantages of
3D-Mem over traditional scene representations.
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