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A table for dinner.

Goal Type

Image                  Description

Task plan             Question

Exploring  step                Start position
Grounding step               Target position

Image. Task: Set up living room for fun!

How many pillows 
on the bed?

Step2: Turn on the Stove.

Step3: Take some 
snacks from Box.

Step4: Sit on sofa 
and relax.

Step1: Turn on TV.

Figure 1. MTU3D is a versatile embodied navigation model capable of processing diverse inputs, including object categories, image
snapshots, natural language descriptions, task plan sequences, and questions. It iteratively explores the environment and performs visual
grounding to reach the target location. Through large-scale Vision-Language-Exploration pre-training, it achieves state-of-the-art perfor-
mance across various benchmarks including open-vocabulary, multi-modal lifelong, and sequential navigation.

Abstract

Embodied scene understanding requires not only compre-
hending visual-spatial information that has been observed
but also determining where to explore next in the 3D phys-
ical world. Existing 3D Vision-Language (3D-VL) mod-
els primarily focus on grounding objects in static obser-
vations from 3D reconstruction, such as meshes and point
clouds, but lack the ability to actively perceive and explore
their environment. To address this limitation, we intro-
duce Move to Understand (MTU3D), a unified framework
that integrates active perception with 3D vision-language
learning, enabling embodied agents to effectively explore
and understand their environment. This is achieved by
three key innovations: 1) Online query-based representa-
tion learning, enabling direct spatial memory construction
from RGB-D frames, eliminating the need for explicit 3D
reconstruction. 2) A unified objective for grounding and ex-

ploring, which represents unexplored locations as frontier
queries and jointly optimizes object grounding and frontier
selection. 3) End-to-end trajectory learning that combines
Vision-Language-Exploration pre-training over a million
diverse trajectories collected from both simulated and real-
world RGB-D sequences. Extensive evaluations across var-
ious embodied navigation and question-answering bench-
marks show that MTU3D outperforms state-of-the-art rein-
forcement learning and modular navigation approaches by
14%, 23%, 9%, and 2% in success rate on HM3D-OVON,
GOAT-Bench, SG3D, and A-EQA, respectively. MTU3D’s
versatility enables navigation using diverse input modali-
ties, including categories, language descriptions, and refer-
ence images. The deployment on a real robot demonstrates
MTU3D’s effectiveness in handling real-world data. These
findings highlight the importance of bridging visual ground-
ing and exploration for embodied intelligence.

https://mtu3d.github.io


1. Introduction

Embodied scene understanding requires not only recogniz-
ing observed objects but also actively exploring and reason-
ing in the 3D physical world [8, 18, 47, 93]. Imagine step-
ping into an unfamiliar room with the goal of“�nd some-
thing to eat”. As a human, your instinct would be to ex-
plore: perhaps heading to the kitchen �rst, then scanning the
countertops, checking the fridge, or even looking around for
a dining area. Your search is driven by a seamless combina-
tion of commonsense knowledge, spatial reasoning, and vi-
sual grounding [8, 42, 64, 76]. Similarly, an embodied agent
navigating a new environment must operate in a continuous
closed-loop cycle of exploration, perception, reasoning, and
action [31, 64, 73]. A crucial part of this process is under-
standing both 3D vision and language [1–3, 9, 48, 85, 88]
(3D-VL), enabling the agent to think spatially and make in-
formed decisions about where to explore [32, 54, 94].

In recent years, we have seen signi�cant progress in
the �eld of 3D-VL [10, 29, 31, 55, 93, 94]. These mod-
els leverage 3D reconstructions to perform visual ground-
ing [9, 26, 69, 87], question answering [3, 48, 92], dense
captioning [12], and situated reasoning [31, 48]. Recent ap-
proaches, such as 3DVLP [84], PQ3D [94] and LEO [31],
aim to handle multiple tasks within a single architecture by
pre-training [84, 93] or uni�ed training [5, 29, 31].

However, existing 3D-VL models rely on static 3D rep-
resentations [9, 63, 67], assuming that a complete recon-
struction of the environment is available beforehand [10,
93]. While effective for of�ine vision language ground-
ing, this assumption is impratical for real-world embodied
agents, operating in partially observable and dynamic en-
vironments [42, 51, 64]. Moreover, these models typically
lack active perception and exploration capabilities [37, 79,
94]. In contrast, reinforcement learning (RL)-based embod-
ied agents can explore environments but often struggle with
sample inef�ciency [71], poor generalization due to limited
training data [20, 57, 62] and the lack of explicit spatial rep-
resentation.Bridging passive 3D-VL grounding and active
exploration remains a key challenge in developing intelli-
gent systems capable of ef�ciently exploring and under-
standing the 3D world.

To develop a 3D-VL model with active perception capa-
bilities, three key challenges must be addressed: First, how
to effectively learn online representations from raw RGB-D
inputs without costly 3D reconstruction, ensuring rich se-
mantics, spatial awareness, and lifelong memory? Second,
the joint optimization of object grounding and spatial ex-
ploration remains underexplored. Third, training embodied
agents requires large-scale trajectory data for robust explo-
ration strategies, yet collecting diverse real-world trajecto-
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Figure 2. Our approach bridges online exploration with dynami-
cally spatial memory updates for lifelong grounding.

ries presents signi�cant challenges, and methods for effec-
tively leveraging such data remain an open problem.

To address these challenges, we proposeMove to
Understand (MTU3D), a uni�ed framework that bridges
visual grounding and exploration for versatile embodied
navigation as shown in Fig. 2. Our approach introduces
three key innovations: 1)Online Query Representation
Learning. Our model processes raw RGB-D frames as in-
put. It generates single-frame local queries and writes them
to a globalspatial memory bank. By leveraging feature
extraction and segment priors from 2D foundation models
like DINO [6, 53] and SAM [39], our query representa-
tions capture rich semantics and precise 3D spatial informa-
tion [73]. 2)Uni�ed Exploration-Grounding Objective: We
introduce a joint optimization framework where unexplored
regions are represented as frontier queries. This allows for
simultaneous learning of object grounding and exploration.
By feeding object queries retrieved from spatial memory
bank along with frontier queries [75] detected from the oc-
cupancy map [30], we enable a cohesive training process
that integrates both tasks. 3)End-to-End Vision-Language-
Exploration (VLE) Pre-training: We train MTU3D us-
ing large-scale trajectory data, combining over a million
real-world RGB-D trajectories and simulated data from
HM3D in total. To enhance training diversity, we develop
an automatic trajectory mixing strategy that blends expert
and noisy navigation data [57]. After VLE pre-training,
MTU3D can be seamlessly transferred to both simulated
environments and real-world scenarios for inference.

Extensive experiments on embodied navigation and
question-answering benchmarks demonstrate that MTU3D
outperforms existing of�ine modular-based and RL-based
approaches, achieving higher exploration ef�ciency, better
generalization to unseen environments, and improved real-



Method Online Exploration Grounding Lifelong

RL 3 3 7 7
3D-VL 7 7 3 3

MTU3D (Ours) 3 3 3 3

Table 1. Comparison of different paradigms. MTU3D uniquely
integrates advantages from both sides, supporting online explo-
ration and lifelong visual grounding.

time decision-making. Speci�cally, MTU3D improves the
state-of-the-art results by 13.7%, 23.0%, and 9.1% in SR,
and 2.4%, 13.0%, and 6.3% in SPL on HM3D-OVON [79],
GOAT-Bench [37], and SG3D [87], respectively. When
combined with a large vision-language model, serving as
its trajectory generator, our approach improves the embod-
ied question answering for LM-SR by 2.4% and LLM-SPL
by 29.5%. Furthermore, we deploy the model on a real
robot, demonstrating its effectiveness in handling realistic
3D environments. These results highlight the signi�cance
of bridging visual grounding and exploration as a crucial
step toward ef�cient, versatile, and generalizable embodied
intelligence.

Our main contributions can be summarized as follows:
• We presentMTU3D, bridging visual grounding and ex-

ploration for ef�cient and versatile embodied navigation.
• We proposea uni�ed objective that jointly optimizes

grounding and exploration, leveraging their complemen-
tary nature to enhance overall performance.

• We propose a novelvision-language-exploration training
scheme, leveraging large-scale trajectories from simula-
tion and real-world data.

• Extensive experiments validate the effectiveness of our
approach, demonstratingsigni�cant improvements in ex-
ploration ef�ciency and grounding accuracyacross open-
vocabulary navigation, multi-modal lifelong navigation,
task-oriented sequential navigation, and active embodied
question-answering benchmarks.

2. Related work

3D Vision-Language Understanding. In recent years,
3D vision-language (3D-VL) learning [18, 31, 32, 54, 93]
has attracted signi�cant attention, with focus on ground-
ing language in 3D scenes by understanding spatial rela-
tionships [2, 68], object semantics [9, 24, 26, 67], and
scene structures [35, 36, 44, 69]. A wide range of tasks
has emerged in this domain, including 3D visual ground-
ing [1, 2, 9, 85], question answering [3, 48, 88], and dense
captioning [12]. More recently, the �eld has expanded to
cover intention understanding and task-oriented sequential
grounding [87], further pushing the limits of 3D-VL models
in complex reasoning [4, 58] and interaction [33, 45, 65].
Existing 3D-VL models can be broadly categorized into
task-speci�c models [10, 26, 27, 34, 81] with specialized ar-
chitectures for individual tasks, pretrained models [84, 93]

that leverage large-scale multi-modal data to improve gen-
eralization, and uni�ed models [11, 13, 29, 31, 90, 94] that
seek to handle multiple tasks within a single framework.
Despite progress, a key limitation of existing 3D-VL mod-
els is their reliance on static 3D representations (e.g., pre-
computed meshes [63, 67] or point clouds [9]), making
them unsuitable for real-world embodied AI (EAI), where
agents must explore and perceive environments in real-time.
EmbodiedSAM [73] partly addresses this issue by taking
streaming RGB-D video as input for online 3D instance seg-
mentation [25, 72]; however, it lacks active exploration and
high-level reasoning capability. In contrast, our MTU3D
framework is proposed as a uni�ed model aiming to simul-
taneously learn scene representations, exploration strate-
gies, and grounding directly fromdynamic spatial memory
bankduring online RGB-D exploration.
Embodied Navigation and Reasoning. The recent ad-
vances in embodied AI, particularly embodied naviga-
tion [28, 38, 61, 66] and reasoning [17, 42, 50, 59, 64, 64],
primarily rely on three crucial capabilities: perception, rea-
soning, and exploration. Several benchmarks are proposed
to assess navigation capabilities [37, 79] across different
goal speci�cations (images, objects, or language instruc-
tions), examine the sequential awareness [87], or question-
answering in an embodied setting [51]. Efforts to tackle
these challenges generally follow two main approaches [37,
46, 83, 95]: end-to-end reinforcement learning and modular
architectures. End-to-end approaches, like PIRLNav [57]
and VER [71], utilize RNNs or transformers [19, 82] trained
directly for navigation tasks, integrating perception and rea-
soning to take actions. However, its end-to-end nature with-
out explicit 3D representations limits its performance under
complex instructions in intricate environments [28, 80]. In
contrast, modular approaches [7, 43, 59, 77, 78, 80] decom-
pose navigation into specialized components, maintaining
distinct models for mapping and navigation policies. More
recently, CLIP on Wheels [23, 40, 56] leverages pre-trained
vision-language models to interpret navigation goals with-
out �ne-tuning [49]. Unlike these methods as in Tab. 1,
our model employs a vision-language-exploration training
paradigm, actively exploring to construct a scene represen-
tation and reasoning within an end-to-end system.

3. MTU3D

In this section, we present the architecture of our model
in Fig. 3 and the training pipeline. We begin by detailing
our approach to query representation learning, which ex-
tracts object and frontier queries from partial RGB-D se-
quences and dynamically stores them in a spatial memory
bank. Next, we introduce our uni�ed grounding and ex-
ploration objective, where queries are processed through a
spatial reasoning layer for selection. Finally, we describe
our trajectory collection strategy and training procedure.



Figure 3. Our proposed model processes RGB-D sequences to generate object queries, which are stored in a memory bank. The spatial
reasoning layer then selects either object queries or frontier points for exploration. These selected query locations are passed to a trajectory
planner that guides navigation and facilitates the acquisition of new RGB-D sequences, creating a continuous perception-action loop.

3.1. Online Query Representation Learning

Our model takes as input a partial RGBD sequence
spanning an arbitrary time range, denoted asO =
[ot 1 ; ot 2 ; : : : ; ot ]. At each timestept, we extract local
queriesQL

t , which are subsequently aggregated across the
interval t1 to t2 to generate global queriesQG

t 2
that are

stored in a memory bank. This process operates in an online
manner, enabling �exible processing at any timestep. Our
online representation learning framework comprises three
essential components, as illustrated below.
2D and 3D Encoding. For each input observationot =
[I t ; D t ; Pt ], we process three components: RGB image
I t 2 RH � W � 3, depth imageD t 2 RH � W , and cam-
era posePt 2 SE(3). Following ESAM [73], we apply
FastSAM [39, 89] to segment the image into distinct re-
gions, generating a segment index mapSt 2 NH � W where
each value represents a region ID. For 2D feature extraction,
we processI t through a DINO backbone [6, 53] to obtain
pixel-level featuresF 2D

t 2 RH � W � C . These features are
pooled according toSt , producing segment-level represen-
tations [94]F̂ 2D

t 2 RM � C , with M denoting the number
of segments identi�ed by FastSAM. Each segment corre-
sponds to a coarse image region associated with a group of
pixels and their respective 3D points.

For 3D feature extraction, we project the depth image
D t into a point cloud and uniformly downsample it toN
points Pt 2 RN � 3, which is processed through a sparse
convolutional U-Net [14, 15, 63] to generate 3D features
F 3D

t 2 RN � C , with C being the feature dimension. We

then perform segment-wise pooling [22] usingSt , resulting
in segment-level 3D representationsF̂ 3D

t 2 RM � C .

Local Query Proposal. After obtaining 2D and 3D fea-
tures, we generate object queries through a multi-layer per-
ceptron: Qt = MLP( F̂ 2D

t ; F̂ 3D
t ) 2 RM � C . These ini-

tial queries are re�ned via PQ3D-inspired [94, 96] decoder
layers, producing local output queriesQL

t . Each re�ned
local query qL

t 2 QL
t comprises multiple components:

qL
t = [ bt ; mt ; f t ; vt ; st ], wherebt 2 R6 encodes a 3D

bounding box in global coordinates,mt 2 RM represents
segment-level mask predictions for instance segmentation,
vt 2 RC captures open-vocabulary feature embeddings for
semantic alignment,f t 2 RC contains output features from
the query decoder, andst 2 R denotes a con�dence score
indicating detection reliability. Each mask in shapeM can
be converted to a 2D mask (H � W ) or a single frame 3D
point cloud mask (N points). As the input point cloud is
transformed into world coordinates using pose information,
the predictedbt exists in a shared coordinate system, en-
abling subsequent query merging operations.

Dynamic Spatial Memory Bank. We merge local queries
with historical queries from our spatial memory bank [52,
73, 91] by calculating bounding box IoU between current
local queriesQL

t and previous global queriesQG
t � 1, gener-

ating updated global queriesQG
t , which containsf t andvt

for further grounding and exploration. For matched query
pairs, we employ a fusion strategy where bounding box pa-
rametersbt , feature embeddingsf t , semantic vectorsvt , and
con�dence scoresst are combined using exponential mov-



ing averages, while instance segmentation masksmt are
fused through a union operation following [73]. To iden-
tify unexplored regions, we maintain an occupancy map
M 2 RX � Y � 3 that categorizes spatial segments as occu-
pied, unoccupied, or unknown. Central to our exploration
approach is the concept of frontiers, denoted asQF

t , which
represent boundaries between explored (known) and unex-
plored (unknown) areas. These frontiers are identi�ed by
traversing the boundaries of the explored space and detect-
ing adjacent unknown areas. Each element ofQF

t corre-
sponds to a coordinate in 3D spaceR3, serving as a poten-
tial exploration target [75]. These frontier waypoints are pe-
riodically recalculated upon reaching each target position,
directing autonomous agents to explore unmapped regions.

3.2. Uni�ed Grounding and Exploration

Our uni�ed approach combines object grounding and explo-
ration in a single decision framework. Given a natural lan-
guage goalL (e.g., “�nd a red chair”), our model decides
between grounding an object from current global queries
QG

t or selecting a frontier fromQF
t for exploration.A spa-

tial reasoning transformer, described in detail in the ap-
pendix, integrates language instructions, object representa-
tions, and frontier information to produce a uni�ed score
SU

t = f (QG
t ; QF

t ; L ) for each candidate decision. Fron-
tier points are encoded through a simple two-layer MLP
before being fed into the transformer. The input forQG

t
consists off t andvt . We incorporate type embeddings to
distinguish between object and frontier queries. For lan-
guage goals, we use a CLIP text encoder [56], while image-
based goals employ the CLIP image encoder [41, 56].
These embeddings are projected into the transformer's fea-
ture space for cross-attention with query representations.
The �nal decision selects the query with the highest score:
q� = arg maxqi 2 Q G

t [ Q F
t

SU
t (qi ). If q� 2 QG

t , the sys-
tem grounds the corresponding object; ifq� 2 QF

t , it nav-
igates to that frontier location. We employ the Habitat-Sim
shortest path planner to generate local trajectories. This
mechanism dynamically balances exploration and ground-
ing based on current scene knowledge and goal [8].

3.3. Trajectory Data Collection

Our uni�ed model training requires diverse trajectory data,
which is dif�cult to collect manually [57, 70]. We imple-
ment a systematic collection process spanning simulated
and real environments, combiningvisual grounding data
andexploration dataas shown in Tab. 2.
Visual Grounding Trajectory. Our visual grounding data
follows the structure (ObjectQG

t , LanguageL) �! (De-
cision SU

t ). Leveraging of�ine RGB-D videos in Scan-
Net [16, 60] as trajectories, we can directly use these paired
examples for pre-training. Each sample associates object
queries with language descriptions to generate decisions.

Source Scan Sim Real VG Exp Traj Dec Goal

ScanRefer [9] ScanNet 7 3 3 7 1202 37k 37k
ScanQA [3] ScanNet 7 3 3 7 1202 26k 30k
Multi3DRefer [85] ScanNet 7 3 3 7 1202 44k 44k
SG3D-VG-HM3D [87] HM3D 3 7 3 7 145 30k 30k
SG3D-VG-ScanNet [87] ScanNet 7 3 3 7 1202 13k 13k
Nr3D [2] ScanNet 7 3 3 7 1202 30k 30k
SceneVerse-HM3D [36] HM3D 3 7 3 7 145 48k 48k
HM3D-OVON [79] HM3D 3 7 7 3 290k 1940k 290k
GOAT-Bench [37] HM3D 3 7 7 3 680k 14119k 5098k
SG3D-Nav [87] HM3D 3 7 7 3 2k 34k 11k

Table 2. Data source statistic for Vision-Language-Exploration
Pre-training.Sim denotes simulation,VG denotes visual ground-
ing,Exp denotes exploration,Traj denotes trajectory,Decdenotes
decision andGoal denotes number of goals.

Exploration Trajectory. Exploration data follows the for-
mat (ObjectQG

t , FrontierQF
t , GoalG) �! (DecisionSU

t ),
with frontiers changing during exploration [75]. Training
with only optimal frontiers (closest to target) leads to over-
�tting. We address this by implementing random frontier
selection and a hybrid strategy combining random and op-
timal approaches [57]. We collect trajectories from sim-
ulation scans (HM3D [74] via Habitat-Sim [61]) to apply
these varied exploration strategies. Exploration succeeds
when the target becomes visible and reachable. To prevent
unnecessary exploration, we maintain a visited frontier list
and only explore when better potential frontiers exist (much
closer to target); otherwise, we raise an exception and termi-
nate the current collection. The complete collection process
appears in the appendix.

3.4. Vision­Language­Exploration Training

Stage 1: Low-level Perception Training.We utilize RGB-
D trajectories from ScanNet and HM3D to train query
representation with instance segmentation loss. Our loss
function combines multiple components:L = � bLbox +
� m Lmask+ � v Lvocab+ � sLscore.Lbox is the 3D box IoU
loss; Lmask andLscore are binary cross-entropy losses;
Lvocab is cosine similarity loss. This approach ensures that
output local queriesQL

t effectively capture spatial, seman-
tic, and con�dence information.
Stage 2: Vision-Language-Exploration Pre-training. In
VLE pre-training, we utilize stage 1 output queries to jointly
train exploration and grounding. Using the dataset in Tab. 2,
we train our decision model on over one million trajecto-
ries. The uni�ed decision scoresSU

t are optimized with bi-
nary cross-entropy loss, teaching the model to assign higher
scores to appropriate query locations based on the current
state and goal.
Stage 3: Task-Speci�c Navigation Fine-tuning. During
this stage, we employ the same objective as stage 2 and
�ne-tune our MTU3D to speci�c navigation trajectories,
optimizing performance for targeted deployment scenarios.



4. Experiment

4.1. Experimental setting

Dataset and Benchmarks.We evaluate on diverse bench-
marks: GOAT-Bench [37] (multi-modal lifelong naviga-
tion), HM3D-OVON [79] (open-vocabulary navigation),
SG3D [87] (sequential task navigation), and A-EQA [51]
(embodied question answering). Common metrics include
Success Rate (SR= N success

N total
) and Success weighted by Path

Length (SPL = 1
N total

P N total
i =1 Si � l i

max( pi ;l i ) ), whereSi in-
dicates success,l i is shortest path length, andpi is agent
path length. SG3D uses task SR (t-SR) to measure step co-
herence. A-EQA employs LLM match score (LLM-SR) and
score averaged by exploration length (LLM-SPL). We com-
pare against a diverse range of baseline methods, including
modular approaches such as GOAT [37] and VLFM [78],
end-to-end reinforcement learning approaches [57, 79], and
video-based approaches [83].
Implementation Details. In Stage 1, we train for 50 epochs
using AdamW (learning rate 1e-4,� 1 = 0.9, � 2 = 0.98)
with loss weights� b = 1 :0; � m = 1 :0; � v = 1 :0; � s =
0:5. Stages 2 and 3 use identical optimizer settings for
10 epochs each. Both Stages 1 and 2 use 4 transformer
layers. Query proposal is trained in stage 1 then frozen,
and spatial reasoning is trained in later stages. All training
runs on four NVIDIA A100 GPUs around 164 GPU hours.
For simulation evaluation, we follow [37, 79, 87] using
Stretch embodiment (1.41m tall, 17cm base radius), pro-
cessing 360×640 RGB imagesI t , depth mapsD t , and pose
Pt with actions: MOVEFORWARD(0.25m), TURNLEFT,
TURNRIGHT, LOOKUP, and LOOKDOWN. Spatial rea-
soning is activated upon arrival at each target position. We
subsample 18 frames along the trajectory between consec-
utive target positions.For A-EQA [51], our model is used
solely to generate the exploration trajectory and collect the
corresponding video for each question.

4.2. Quantitative Results

Open Vocabulary Navigation. The results in Tab. 3
demonstrate that our proposed MTU3D signi�cantly out-
performs all baselines in terms of SR across both Val Seen
and Val Unseen settings. Notably, MTU3D achieves the
highest SR in Val Unseen (40.8%), showcasing its strong
generalization ability to unseen episodes. This highlights
the effectiveness of our approach in handling unseen sce-
narios compared to prior methods such as RL and behavior
cloning (BC), which are not pre-trained on large-scale lan-
guage data. However, we observe that MTU3D's SPL is
lower than Uni-Navid, especially in the Val Synonyms and
Val Unseen settings. Given that the HM3D-OVON dataset
consists of relatively short trajectories, video-based models
inherently gain an advantage because they can directly nav-
igate to the goal upon recognizing a target.

Val Seen
Val Seen

Val Unseen
Synonyms

Method SR (" ) SPL (" ) SR (" ) SPL (" ) SR (" ) SPL (" )
BC 11:1 4:5 9:9 3:8 5:4 1:9
DAgger 18:1 9:4 15:0 7:4 10:2 4:7
RL 39:2 18:7 27:8 11:7 18:6 7:5
BCRL 20:2 8:2 15:2 5:3 8:0 2:8
DAgRL 41:3 21:2 29:4 14:4 18:3 7:9
VLFM 35:2 18:6 32:4 17:3 35:2 19:6
Uni-NaVid 41:3 21:1 43:9 21:8 39:5 19:8
TANGO � � � � 35:5 19:5
DAgRL+OD 38:5 21:1 39:0 21:4 37:1 19:9

MTU3D (Ours) 55:0 23:6 45:0 14:7 40:8 12:1

Table 3. Open-vocab navigation results on HM3D-OVON [79].

Task-oriented Sequential Navigation.Tab. 4 presents re-
sults on task-oriented sequential navigation, a challenging
task requiring an embodied agent to understand relation-
ships between task steps. The results show that MTU3D
achieves the highest s-SR (23.8%), t-SR (8.0%), and SPL
(16.5%) on the SG3D benchmark, demonstrating its effec-
tiveness in sequential task execution and task understand-
ing. Unlike other benchmarks, SG3D emphasizes task con-
sistency across multiple steps, making it more complex.
While MTU3D signi�cantly outperforms Embodied Video
Agent [21] and SenseAct-NN Monolithic [37, 87], over-
all success rates remain lower than in GOAT-Bench and
HM3D-OVON, highlighting SG3D's inherent dif�culty in
requiring both navigation and sustained task accuracy.

s-SR(̂ ) t-SR(̂ ) SPL(̂ )

Embodied Video Agent 14.7 3.8 10.2
SenseAct-NN Monolithic 12.1 7.7 10.1

MTU3D (Ours) 23.8 8.0 16.5

Table 4. Sequential task navigation results on SG3D-Nav [87].

Multi-modal Lifelong Navigation. The results in Tab. 5
highlight the signi�cant performance improvement of our
MTU3D over baseline methods in lifelong setting. No-
tably, MTU3D achieves the highest SR across all settings,
with 52.2% in Val Seen, 48.4% in Val Seen Synonyms, and
47.2% in Val Unseen, demonstrating its superior navigation
capability. Compared to open-vocabulary navigation, multi-
modal lifelong navigation is a more challenging task due to
the need for continuous spatial memory and long-term rea-
soning. Our model's lifelong spatial memory allows it to
retain and utilize past experiences more effectively, leading
to a much larger performance gain over baselines. Addition-
ally, MTU3D achieves the highest SPL across all settings,
with 30.5% in Val Seen and 27.7% in Val Unseen, indicat-
ing that it not only reaches the goal more accurately but also
follows more ef�cient trajectories. This suggests that our
approach effectively balances success rate and ef�ciency,



Val Seen Val Seen Synonyms Val Unseen

Method SR (̂ ) SPL (̂ ) SR (̂ ) SPL (̂ ) SR (̂ ) SPL (̂ )

Modular GOAT 26.3 17.5 33.8 24.4 24.9 17.2

Modular CLIP on Wheels 14.8 8.7 18.5 11.5 16.1 10.4

SenseAct-NN Skill Chain 29.2 12.8 38.2 15.2 29.5 11.3

SenseAct-NN Monolithic 16.8 9.4 18.5 10.1 12.3 6.8

TANGO - - - - 32.1 16.5

MTU3D (ours) 52.2 30.5 48.4 30.3 47.2 27.7

Table 5. Multi-modal lifelong navigation results on GOAT-Bench [37].

a crucial factor in lifelong navigation. Overall, these re-
sults emphasize that lifelong spatial memory is key to multi-
modal navigation, and MTU3D's substantial improvements
validate its effectiveness in handling this complex task.
Active Embodied Question Answering. Tab. 6 demon-
strate that our MTU3D-enhanced GPT-4V signi�cantly out-
performs the baseline GPT-4V model, achieving 44.2%
LLM-SR vs. 41.8% and a much higher LLM-SPL of 37.0%
vs. 7.5%. This indicates that our approach enables a more
ef�cient trajectory, avoiding the exhaustive search across all
locations that baseline models rely on. Furthermore, GPT-
4o with MTU3D achieves even better performance, reach-
ing 51.1% LLM-SR and 42.6% LLM-SPL.

Method LLM-SR(̂ ) LLM-SPL(^)

Blind LLMs
GPT-4 35.5 N/A
LLaMA-2 29.0 N/A

LLM with captions
GPT-4 w/ LLaVA-1.5 38.1 7.0
LLaMA-2 w/ LLaVA-1.5 30.9 5.9

VLMs
GPT-4V 41.8 7.5

VLMs with MTU3D Trajectory
GPT-4V (Ours) 44.2 37.0
GPT-4o (Ours) 51.1 42.6

Table 6. Embodied question answering results on A-EQA [51].

4.3. Discussions

Does Vision-Langauge-Exploration Pe-training bene�t
navigation? The results in the Fig. 4a show that Vision-
Language Exploration (VLE) Pre-training signi�cantly im-
proves navigation performance, as indicated by the SR
across all datasets. Speci�cally, SR increases from 27.8% to
33.3% in OVON, 22.2% to 36.1% in GOAT, and 22.9% to
27.9% in SG3D, demonstrating a consistent bene�t of VLE
across different task settings and distribution.

Does grounded training lead to ef�cient exploration?
The results in Fig. 4c demonstrate that MTU surpasses fron-
tier exploration in both SR and SPL as exploration steps in-
crease. Unlike frontier exploration, which blindly selects
the nearest frontier, MTU utilizes semantic guidance for
more ef�cient, goal-directed exploration. Notably, at step
6, MTU achieves a higher SR (50.0% vs. 33.3%) and im-
proved SPL (35.3% vs. 30.3%).
Can spatial memory bank enhance lifelong navigation?
We reset spatial memory in w/o mem for each sub-episode
in GOAT-Bench, and the experimental results in Fig. 4b
show that memory signi�cantly improves SR across all goal
types. Notably, SR increases from 10.5% to 52.6% for Ob-
ject goals, 28.6% to 71.4% for Description goals, and 26.7%
to 60.0% for Image goals, demonstrating that memory helps
retain useful spatial information.
Can MTU3D run in real time? Tab. 7 shows that our
model achieves ef�cient query proposal (192 ms) and fast
reasoning (31 ms) while maintaining a competitive FPS
(3.4) with 266M parameters. These results highlight the
model's optimal balance between speed and performance,
making it well-suited for real-time applications.

Query Proposal Spatial Reasoning FPS Params

192 ms 31 ms 3.4 266M

Table 7. Model speed and parameter metrics, results are average
from 5 runs across multiple frames and episodes on 3090 Ti.

4.4. Qualitative results

These qualitative results in Fig. 5 showcase the agent's abil-
ity to navigate and complete diverse goal types, including
language, image, description, and task planning goals. The
trajectories illustrate how the agent ef�ciently locates ob-
jects based on visual and semantic cues, demonstrating its
capability to understand both image-based and textual in-
structions. Notably, for task planning goals, the agent fol-
lows a structured sequence of actions.



(a) Effect of VLE. (b) Usefulness of spatial memory. (c) Exploration ef�ciency comparison.

Figure 4. Ablation studies showing (a) the impact of vision-language-exploration pretraining, (b) exploration ef�ciency on seen environ-
ments, and (c) the contribution of spatial memory to navigation performance.

Figure 5. Visualization of results in Habitat-Sim.

4.5. Real World Testing

We evaluate MTU3D in realistic 3D environments by de-
ploying it on an NVIDIA Jetson Orin with a Kinect [86] for
real-time RGB-D data and a mobile robot equipped with
Lidar for exploration. Without any real-world �ne-tuning,
we test the model in three diverse scenes: home, corridor,
and meeting room. As shown in Fig. 6, MTU3D effectively
navigates to the target position. Since MTU3D is trained on
both simulated and real data, it overcomes the Sim-to-Real
transfer challenges commonly faced in RL-based methods.
This ability not only enhances its real-world applicability
but also makes it highly scalable and impactful for advanc-
ing embodied intelligence in the future.

5. Conclusions

In this paper, we introduce Move to Understand (MTU3D),
a uni�ed framework that bridges visual grounding and ex-
ploration to advance embodied scene understanding. By

Figure 6. Real World Testing.

jointly optimizing grounding and exploration, MTU3D en-
ables ef�cient navigation across diverse input modalities,
fostering a deeper understanding of spatial environments.
Our Vision-Language-Exploration (VLE) training lever-
ages large-scale trajectories, achieving state-of-the-art per-
formance on multiple Embodied AI benchmarks. Experi-
mental results highlight the crucial role ofspatial memoryin
enabling lifelong multi-modal navigation and spatial intel-
ligence, allowing agents to reason about and adapt to com-
plex environments. Furthermore, real-world deployment
demonstrates MTU3D 's generalization ability, validating
the effectiveness of our mixed training with both simula-
tion and real-world data. By bridging visual grounding and
exploration, MTU3D paves the way for more capable, scal-
able, and generalizable embodied agents, bringing us closer
to the goal of truly intelligent embodied AI.
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