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Figure 1. Overview of FloVerse. The agent is given a goal of any modality (PointNav, ObjectNav, or ImageNav). Prior methods rely only
on local observations and must explore unseen areas. In contrast, ThreeDiff leverages floor-plan spatial priors for more efficient navigation.

Abstract

Floor plans encapsulate compact spatial priors, enabling
agents to navigate unseen scenes more efficiently. While
prior work has explored floor plan—guided navigation, it
has focused mainly on PointNav and a limited set of envi-
ronments. To bridge this gap, we introduce FloVerse, a new
task for floor plan—guided embodied navigation that unifies
PointNav, ObjectNav, and ImageNav. To support this Flo-
Verse, we assemble FloVerse-1.6K, a large-scale dataset of
1.6K scenes from HM3D and Gibson 4+, paired with corre-
sponding floor plans, comprising 240K expert trajectories
and 12M RGBD frames. We further propose ThreeDiff, a
two-stage imitation learning policy comprising a planner, a
diffusion-based multimodal goal-reasoning module trained
via masked-modality modeling, and a refiner, a depth-based
trajectory-refinement module for safe execution. Extensive
experiments demonstrate that (1) floor-plan priors improve
navigation performance across all goal modalities, and (2)
ThreeDiff implicitly captures spatial information from floor
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plans. These results underscore the effectiveness of spatial
priors and validate our proposed unified approach for floor
plan—guided embodied navigation.

1. Introduction

Embodied navigation is advancing at an unprecedented pace,
achieving impressive performance across challenging tasks
such as point-goal (PointNav) [1, 25, 32, 41], object-goal
(ObjectNav) [5, 14, 19, 36, 38], and image-goal (ImageNav)
[16, 28, 29] navigation. Despite these achievements, most
methods still depend on active mapping or extensive ex-
ploration, which often leads to short-sighted behaviors that
reduce overall efficiency (Fig. 1).

Recent studies [9, 18] explore using floor plans as spatial
priors to guide navigation [9, 18]. Floor plans are easily ac-
cessible and encode informative geometric structure, making
them inherently well-suited for navigation in unseen environ-
ments. However, existing studies focus mainly on PointNav
and limited scenes, leaving the broader potential of floor
plan—guided navigation largely unexplored.

In fact, floor plans contain not only geometric structures
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but also implicit semantic information about the environ-
ment layout, such as room functionalities and typical object
distributions. These geometric and semantic regularities may
provide rich spatial priors that enable agents to infer goal
locations and plan more effectively, potentially enhancing
embodied navigation across diverse goal modalities.

To investigate how floor plan priors can facilitate embod-
ied navigation, we introduce FloVerse, a new task in which
an agent must navigate to a goal—specified as a point, object,
or image—using its egocentric RGBD observations and a
floor plan in unseen environments (Fig. 1). To support this
task, we develop a fully automated pipeline that derives floor
plans from 3D scene meshes, producing a diverse collec-
tion of 1,627 floor plans across HM3D [22] and Gibson 4+
[26, 33] datasets. Note that each floor plan corresponds to a
single level of a scene. We then leverage SpatialLM [20] to
enrich object annotations in HM3D scenes, enhancing both
scene coverage and category diversity. After manual verifi-
cation, the resulting dataset contains 325 object categories
across 299 scenes. Finally, we collect expert navigation tra-
Jjectories across all three modalities, yielding 240K waypoint
sequences and over 12M RGBD—pose pairs. Detailed statis-
tics and the collection pipeline are provided in Sec. 3.

Building on this task, we propose ThreeDiff, a uni-
fied two-stage end-to-end policy that exploits both global
floor plan spatial priors and local geometric cues to effi-
ciently navigate across diverse goal modalities. In the first
stage, a diffusion-based planner predicts a goal-conditioned
coarse trajectory, capturing high-level spatial intent and long-
horizon dependencies. In the second stage, the refiner, a
local refinement module, utilizes depth-derived occupancy
cues to adapt the coarse trajectory to the agent’s immediate
surroundings, generating collision-free motions.

We extensively evaluate ThreeDiff on FloVerse to assess
the impact of incorporating floor plan priors. Experimental
results show that floor plan information consistently im-
proves navigation efficiency and success rates across all goal
modalities. Beyond quantitative gains, ThreeDiff exhibits
an emergent ability to infer goals’ location, even without ex-
plicit supervision. Compared to specialized baselines trained
for individual goal modalities, ThreeDiff delivers compara-
ble or superior performance, highlighting the effectiveness
and generality of the proposed unified framework.

Our main contributions are:
¢ A multi-modal floor plan—guided navigation task. Flo-

Verse introduces navigation to point, object, or image
goals using floor plans and egocentric observations.

* A supporting dataset, FloVerse-1.6K. It offers a rich set
of reconstructed floor plans and expert navigation trajecto-
ries spanning a diverse range of scenes.

* A two-stage navigation model. ThreeDiff integrates
global planning with local obstacle awareness, achieving
strong performance.

* Empirical validation of floor plan priors. Quantitative
and qualitative analysis show that incorporating floor plans
consistently improves navigation, highlighting their value
as structured spatial priors.

2. Related Work

2.1. Visual Navigation

Current visual navigation methods generally fall into two
categories: mapping-based and mapless approaches. The for-
mer typically integrates semantic information into various
map representations. Normally, researchers extract seman-
tic categories [6, 11, 23, 40], pixel-level features [13, 38],
and implicit image features [8, 21, 31] to construct compre-
hensive maps or topological graphs that support subsequent
planning. In contrast, mapless visual navigation methods fo-
cus on directly translating observations into actions. Previous
work has demonstrated notable success in PointNav through
large-scale trial-and-error reinforcement learning [32]. No-
mad [28] utilizes a diffusion policy to generate smooth tra-
jectories for exploration and image-goal navigation. More
recently, an increasing number of studies have leveraged
the reasoning capabilities of large language models (LLMs)
to guide agents in navigation [4, 7, 34, 42, 43]. However,
mapping-based methods incur significant overhead from
explicit map construction, whereas mapless methods lack
global guidance when the goal is not observable. Both limi-
tations hinder navigation efficiency.

2.2. Floor Plan Guided Navigation

Given the inherent limitations of the aforementioned meth-
ods, recent research has begun to explore floor plan-guided
visual navigation. In indoor environments, floor plans pro-
vide readily available spatial priors that facilitate efficient
visual navigation. However, the absence of detailed informa-
tion about movable objects, such as furniture, makes floor
plans temporally stable but also presents challenges for di-
rectly planning collision-free trajectories. To address this
limitation, prior studies have incorporated Voronoi diagrams
[27], pre-collected visual features [17], traversability cues
from robot observations [9], and 2D point cloud data [10] to
enhance floor plan representations and improve localization
and navigation. FloNa [ 18] makes the first attempt to navi-
gate in unseen environments using only a monocular camera
and a floor plan within an end-to-end framework.

Although floor plans have been shown to improve nav-
igation efficiency, prior evaluations have been limited to
small-scale environments and the PointNav task. Their im-
pact on other goal modalities, such as ImageNav and Ob-
jectNav, is still largely unexplored. In this work, we scale
up the evaluation and systematically examine whether floor
plans can enhance navigation performance across PointNav,
ObjectNav, and ImageNav.
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Figure 2. Examples of constructed floor plans. Top row: generated
floor plans. Bottom row: corresponding 3D scenes from the HM3D
and Gibson 4+ datasets

2.3. Multi-Modal Goal-Oriented Navigation

Early navigation models typically address a single goal
modality. More recently, research has shifted toward devel-
oping unified frameworks capable of handling multiple goal
types within a single model. For instance, VIENNA [30] uni-
fies four navigation tasks through an attention-based parse-
and-query framework, demonstrating that a multi-task agent
can match or surpass task-specific models. Goat-Bench [15]
introduces a multi-modal lifelong navigation setting, where
an agent processes goals expressed as images, object cate-
gories, and textual descriptions using a modular skill-chain
architecture. Uni-Goal [37] represents all goal modalities
as a unified graph structure and leverages an online scene
graph to infer goal locations dynamically. NavDP [3] adopts
a diffusion-based formulation, encoding goal types as modal-
ity tokens fused with RGBD inputs for joint policy learning.
OmniNav [35] features a fast-slow collaborative architecture
and large-scale multi-task training to achieve strong gener-
alization across diverse navigation tasks. Building on these
advances, we introduce the first model that unifies three goal
modalities—PointNav, ObjectNav, and ImageNav—within a
floor plan—guided navigation framework.

3. Dataset

3.1. Floor Plan Construction

To support FloVerse, we extract stable structural elements,
such as walls, from object-containing meshes, as these el-
ements correspond to features represented in floor plans.
Vertices are first filtered based on their height and normal
orientation, with a threshold of 1.25m, effectively removing
most objects. To further mitigate reconstruction artifacts and
spurious noise, we apply morphological operations, includ-
ing dilation and erosion, for denoising. Using this pipeline,
we construct a total of 1,627 floor plans, comprising 1,488
from the HM3D scenes and 139 from Gibson 4+ scenes.
Examples of the resulting floor plans are shown in Fig. 2.

3.2. Object Goal Annotation

Most object-goal navigation methods involve a limited range
of object categories, typically 6 [6] or 21 [2]. HM3D-OVON

detection
& filter

Figure 3. Our object annotation pipeline. Each scene point cloud
is first decomposed into separate layers and then processed by
SpatialLM for object detection. The detected objects are manually
filtered to remove incorrect annotations, yielding the final results.

[39] substantially expands the coverage to 379 categories but
includes only 181 scenes. We further clean this dataset by
removing objects whose associated viewpoints fall outside
navigable regions, resulting in 304 object categories across
169 scenes. To enrich category and scene diversity, we em-
ploy SpatialLM [20] for additional object recognition, and
manually filter annotations to ensure quality. As illustrated
in Fig. 3, SpatialLM is applied to each scene point cloud to
detect objects and extract their bounding boxes and poses.
For multi-layer scenes, we perform layer-wise decomposi-
tion to maintain accuracy. In total, FloVerse-1.6K contains
325 object categories spanning 299 scenes.

Table 1. Data splits and the number of navigation episodes. 10
episodes refer to the episodes supporting ImageNav ObjectNav.

train eval
Dataset
HM3D  Gibson 4+ HM3D Gibson 4+
scenes 1321 121 167 18
total episodes 198, 150 18,150 25,050 2,700
IO episodes 65, 700 - 8,550 -

3.3. Trajectory Collection

We construct a large-scale set of expert trajectories covering
all goal modalities for both imitation learning and evalua-
tion. For PointNav, goals are randomly sampled positions
on the navigable map (details of navigability are provided
in the supplementary material), whereas for ObjectNav and
ImageNav, goals correspond to annotated object locations.
The start position is randomly chosen from navigable areas
at least 5m away from the goal. The shortest path between
each start—goal pair is computed using the A* algorithm and
discretized into waypoints at 10cm intervals. At each way-
point, the agent’s pose and RGBD observations are recorded.
Each expert trajectory includes RGBD—pose pairs, a floor
plan, and a goal. The goal is defined as a point in PointNav,
an image in ImageNav, and an object category in ObjectNav.
As summarized in Tab. 1, the dataset contains about 240K
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trajectories with 12M RGBD-pose pairs, including roughly
74K ImageNav/ObjectNav episodes (IO episodes).

4. Problem Definition

FloVerse aims to enable floor plan—guided embodied nav-
igation in unseen indoor environments. Formally, given
an environment £ that provides both perceptual observa-
tions and a global 2D floor plan F, the agent interacts with
£ through a sequence of observations, actions, and state
transitions. Specifically, at each time step ¢, the agent re-
ceives a state s; = (I, Dy, p;), where I, € REXWx3 and
D; € RTXW denote the egocentric RGB and depth images,
and p; = (x4, y:, 0¢) represents the agent’s 2D pose in the
environment. The floor plan F' € RH7xWs serves as a spa-
tial prior describing the structural layout of £. The goal g
depends on the navigation modality:

Gpoint € R?, PointNav
g = YGobject € L, ObjectNav (1)
Jimage S RHXWXS, ImageNaV

where L is the set of textual object labels.
At each step, the agent executes an action a; € A and
transitions according to

DPt41 = Tr(gaphat)a )

which updates its state and generates a new observation
s¢+1. The action space A is either a discrete set of prim-
itives Agiscrete = {move forward, turn left, turn right, stop},
or a continuous set of 2D waypoints Acontinuous C R2. An
episode is represented as 7 = (s, at)thl, where T is the
episode length. An episode is considered successful if the
agent reaches the goal g within a distance threshold d before
exceeding the maximum number of steps Ti,.x or collisions
Omax- The objective is to learn a policy 7 (a¢ | s¢, F, g) that
efficiently drives the agent to the goal while minimizing
trajectory length and collisions.

5. Method

We introduce a two-stage navigation model that generates
obstacle-aware trajectories for all three goal modalities us-
ing the agent’s egocentric observation and the floor plan. As
shown in Fig. 4, the planner first predicts a coarse trajectory
using the floor plan and goal information, where the goal
modality is randomly masked during training to encourage
modality-agnostic reasoning. The refiner then refines this
trajectory using local geometric cues from the depth obser-
vation, producing a final path that avoids nearby obstacles.

5.1. Multi-Modality Goal Conditioned Planner

To enable a single model to support diverse goal modalities,
we employ a random modality masking strategy during train-
ing. At each iteration, the model receives only one of the

three goal modalities, while the other two are masked. The
resulting masked goal condition is defined as:

Cg =mo (G‘hoim’ CQOhjecN CQm)age) (3)

where m = [Mpoint, Mobjects Mimage) 1S @ binary vector with
exactly one entry set to 1.
The point goal condition is encoded using an MLP:

C

Gpoint

= MLP(gpoint) ) (4)

where MLP(-) denotes a multilayer perceptron. For Image-
Nav, we obtain the image-goal condition by encoding both
the current RGB observation I; and the goal image gimage
with an image encoder E(-), instantiated as EfficientNet,
followed by feature concatenation:

C

Gimage

= MLP(E(It) D E(gimage))- (5)

Similarly, the object-goal condition is obtained using a CLIP
encoder CLIP(-) applied to the current image and the target
object label:

C

YGobject

— MLP(CLIP(I;) & CLIP(gobject))-  (6)

This strategy provides two advantages. First, by expos-
ing the model to all three modalities under the same input
setting (s¢, F,a;) across training iterations, where a; rep-
resents the ground truth action, the modalities effectively
inform and reinforce one another, leading to more generaliz-
able trajectory generation. Second, by always combining the
goal with features from the current observation, the model
learns a consistent notion of current—goal correspondence
across modalities, thereby improving stability and sample
efficiency during diffusion training.

Then, we introduce a diffusion policy to learn a goal-
oriented floor plan-guided navigation policy that takes C',
Cr, and Cp as inputs to generate the current action .. Here,
C'r denotes floor plan features extracted using EfficientNet,
and Cp represents the current observation features, which
is computed via a multi-head self-attention module (S A):
Co = SA(fy " & i @ fi7), where f;1, f5H,
and f;*l “t represent the RGB, depth, and pose features from
the past [ timesteps, respectively.

To model Py (a:|Cy, Cr,Co), we deploy a conditional
U-Net [24] and DDPM [12] scheduler to perform the forward
and backward process. The training objective is:

L= MSE(ék, GQ(EH + €k, k))v ™)

where MSE represents the mean squared error, € denotes the
noise label, and k represents the denoising steps.

5.2. Depth-Based Trajectory Refiner

The training trajectories are optimal, collision-free paths,
meaning the model does not receive collision feedback,
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Figure 4. Overview of ThreeDiff. ThreeDiff is a two-stage trajectory generation framework for floor plan—guided navigation. In the first
stage, goal-related features, floor plan representations, and observation embeddings are concatenated and used as the conditioning input to a
diffusion model, which generates a coarse initial trajectory. In the second stage, depth-derived obstacle-awareness features are integrated
with the initial trajectory and fed into a second diffusion model, which refines the trajectory to yield a final, obstacle-aware navigation path.

which limits its ability to actively avoid obstacles. Since
obstacle avoidance is fundamentally tied to understanding
spatial geometry, we address this limitation by training a
second diffusion model for safer trajectory prediction us-
ing the geometric information from depth. As shown in
Fig. 4, we first project the depth into a local binary occu-
pancy map from a Bird’s Eye View (BEV) perspective, with
a grid size of 20 x 50 and a resolution of 0.1m, where 0
represents obstacles and 1 represents free space. Next, we
compute a local Signed Distance Field (SDF), which is then
encoded using a CNN. The resulting embedding fspr is
combined with the predicted trajectory a; and fed into the
second diffusion model, which outputs the refined trajectory
ay. The diffusion process aims to fit the following distribu-
tion: P¢(dt ‘&t, fSDF)-

In addition to minimizing the discrepancy between the
predicted and true trajectories, a; should also be as distant
as possible from obstacles. Thus, the training objective is
defined as:

Lo = MSE(eg, €4 (a; + €, k)) + aLeottisions (8)

and Leoliision = Zfil exp (—A - p;), where N is the num-
ber of waypoints, p; is the [y distance from the -th point to
the nearest obstacle, where v and \ are hyperparameters that
controls the weight of the collision loss. Note that, to ensure
differentiability, p; is computed from the SDF after applying
linear interpolation.

5.3. Implement Details

In our implementation, we first train the first diffusion model
until convergence, and then integrate the second diffusion
model, training both jointly until the system reaches con-

vergence. For the object goal condition, we utilize a frozen
CLIP-ViT-B/32 model to encode the images and text labels.
All other image encoders in ThreeDiff are EfficientNet-BO
with non-shared weights, trained from scratch. The multi-
head attention mechanism consists of four heads, each with
four layers. We optimize the models using the AdamW
optimizer, with the learning rate governed by PyTorch’s
CosineAnnealingl.R scheduler. The maximum learning rate
is set to 0.0001, and training is conducted for a maximum of
20 epochs. The parameter « is set to 0.1, and A is set to 1.
The training of ThreeDiff is performed on 4 NVIDIA 4090
GPUs, with a batch size of 32 per GPU.

6. Experiments

In this section, we examine four key aspects: (1) the impact
of floor plans on performance in PointNav, ImageNav, and
ObjectNav (Sec. 6.2); (2) the cross-modality complemen-
tarity effect under random modality masking (Sec. 6.3); (3)
the performance of existing navigation models on FloVerse
(Sec. 6.4); and (4) the contribution of the depth-based refiner
to the overall performance of ThreeDiff (Sec. 6.5).

6.1. Setup and Metrics

Setup Following [18], we conduct our experiments
in the Gibson simulator [33]. To ensure consistent evalu-
ation across different methods and mitigate potential failures
caused by environment mesh imperfections, both discrete
and continuous action outputs are converted into global posi-
tions and orientations for execution. At inference, ThreeDiff
predicts the next 16 waypoints, and the first 10 are selected
as the next action sequence. Additionally, to reduce stochas-
ticity, ThreeDiff and its variants generate 30 trajectories per
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Table 2. Comparison between ThreeDiff and ThreeDiff w/o F.

PointNav ImageNav ObjectNav
SR SPL SR SPL SR SPL

ThreeDiff woF 258 25,6 226 184 209 16.5
ThreeDiff 42.0 36.6 28.9 224 28.6 223

Method

inference step and average them to produce the next action
sequence. We employ a safety mechanism to mitigate col-
lisions. Specifically, if a collision occurs, the agent returns
to its previous state, reorients itself toward the goal, and
then infers the following action based on the updated state.
We record the collision events throughout the episode. An
episode is considered successful if the agent reaches within
a distance d of the goal within at most 7}, steps and incurs
fewer than d,,,, collisions. In our experiments, we set d = 1,
Tmax = 500, and 6,0 = 15.

Metrics We evaluate performance using Success Rate
(SR) and Success Weighted by Path Length (SPL). In Ob-
jectNav, multiple instances of the same category may exist
within a scene. An episode is deemed successful once the
agent reaches any instance of the target category, while SPL
is computed relative to the shortest geodesic path from the
starting position to the specific instance encountered.

6.2. Impact of Floor-Plan Priors

To assess the floor plan’s impact across PointNav, Image-
Nav, and ObjectNav, we train a variant of the policy, denoted
ThreeDiff w/o F, from scratch, which removes the floor plan
from the input while keeping all other components identi-
cal to ThreeDiff. As shown in Tab. 2, removing the floor
plan consistently reduces performance: SR drops by 16.2%,
6.3%, and 7.7%, and SPL decreases by 11.0%, 4.0%, and
5.8% for PointNav, ImageNav, and ObjectNav, respectively.
Note that because Gibson 4+ lacks image and object goals
(Tab. 1), ImageNav and ObjectNav are evaluated only in
HM3D, whereas PointNav is evaluated in both Gibson 4+
and HM3D.

The consistent reduction in both SR and SPL indicates
that ThreeDiff effectively leverages floor-plan spatial priors
to achieve more reliable and more efficient navigation. The
most significant improvement appears in PointNav, where
ThreeDiff outperforms ThreeDiff w/o F by 16.2% in SR
and 11.0% in SPL. This substantial gain arises because Point-
Nav benefits directly from the relatively explicit geometric
priors provided by the floor plan, which guide the agent
toward a precise goal location in previously unseen environ-
ments and significantly reduce navigation uncertainty. In con-
trast, ImageNav and ObjectNav show minor improvements.
For these tasks, the floor plan offers only coarse semantic
cues—such as room layout and spatial organization—rather
than explicit object- or image-level information. While the
policy can make limited use of these cues, their indirect
nature limits their contribution to the required semantic rea-

Table 3. Comparison between ThreeDiff trained on individual
modalities and jointly trained with random modality masking.

PointNav ObjectNav
SR SPL SR SPL SR SPL

Point-only 42.1 38.9 - -
Image-only - - 254 20.7 - -
Object-only - - - - 243 199

ThreeDiff 42.0 366 28.9 22.4 28.6 22.3

ImageNav
Method

soning, yielding more modest gains than in PointNav.

As depicted in Fig. 5, we conduct additional qualitative
experiments to examine how floor-plan priors guide planning
in ImageNav and ObjectNav. We visualize the mean initial
predicted trajectories in four scenes—00123-C3ifY177Ldq,
00176-wclYziD5pmF, 00744-1S7LAXRdDgK, and 00037-
0KFJo8jpzRW. In each scene, an object is selected as the
target, its rendered view is used as the image goal, and mul-
tiple starting points are randomly sampled. Across scenes,
ThreeDiff tends to produce trajectories that move more di-
rectly toward the goal, while those from ThreeDiff w/o
F exhibit greater variance and more frequent exploratory
movements. This contrast indicates that incorporating floor
plan priors—such as coarse room layout cues—may help
the agent better infer goal locations and improve navigation
efficiency in ImageNav and ObjectNav.

6.3. Cross-Modality Complementarity

To investigate the complementarity among different goal
modalities, we conduct a comparative ablation study in
which three single-modality policies—Point-only, Image-
only, and Object-only—are trained separately, while Three-
Diff is trained with all modalities using random masking. As
shown in Tab. 3, ThreeDiff performs comparably with the
Point-only model on PointNav but consistently outperforms
all single-modality models on ImageNav and ObjectNav.

Interestingly, the Point-only policy achieves even
marginally higher PointNav performance than ThreeDiff,
and it substantially outperforms the Image-only and Object-
only models by over 15% in SR and nearly 20% in SPL.
This pattern suggests that explicit geometric cues in the floor
plan are easier to learn.

The improved ImageNav and ObjectNav results of Three-
Diff further imply that the spatial knowledge learned from
PointNav generalizes to semantic goal modalities, provid-
ing beneficial structural cues such as room connectivity and
coarse spatial layout. In contrast, the slight drop in ThreeD-
iff on PointNav indicates that the additional training signals
from ImageNav and ObjectNav introduce more implicit,
layout-level semantic biases in the encoder, which slightly
interfere with the learning of explicit geometric structures
required by PointNav.

Finally, Fig. 6 presents the evolution of cosine similarity
between predicted and ground-truth trajectories for different
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Figure 5. Qualitative results demonstrating the guiding effect of the floor plan.Top row: Across four HM3D scenes, we define a goal
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Figure 6. Comparison of trajectory similarity changes during
training. Higher similarity indicates better model fitting ability.

training strategies. The curves show that ThreeDiff and the
Point-only model maintain similarly high alignment, both
clearly outperforming Image-only and Object-only. This
result again reflects that PointNav supervision drives the
encoder to capture explicit geometric priors, whereas Ima-
geNav and ObjectNav supervision encourage more implicit
semantic layout understanding. Given that all models share
the same floor-plan encoder, these results collectively high-
light how different modalities emphasize complementary
aspects of spatial representation.

6.4. Comparison with Existing Models

To provide a comprehensive and fair evaluation of ThreeDiff,
we compare it with several representative navigation meth-
ods. Specifically, we evaluate DD-PPO [32], an RL model
pretrained on Gibson, using its depth variant with a ResNet50
+ LSTM512 backbone, without any additional fine-tuning.
We also assess ZSON [19], an ObjectNav model trained on
HM3D, directly using its released weights. In addition, we
benchmark two imitation learning approaches—Nomad [28]
and FloDiff [18]. Since both are originally RGB-only, we
augment them with the same depth encoder used in ThreeD-

Table 4. Performance of baselines on the PointNav task in the

Gibson 4+ and HM3D scenes.

Gibson 4+ HM3D
Method
SR SPL SR SPL
DD-PPO [32] 18.3 10.5 13.7 7.0

FloDiff (pretrain)[ 18]  40.0 28.8 23.7 17.8
FloDiff (finetune)[18] 38.8 29.6 27.7 21.1
ThreeDiff 54.4 50.0 38.1 32.5

iff and fine-tune their pre-trained checkpoints on our dataset
to ensure a fair comparison. Furthermore, we include three
multi-modal navigation models from [15], enabling a direct
comparison with existing multi-modality baselines.

As shown in Tab. 4, DD-PPO achieves an 18.3% success
rate in the Gibson 4+ scenes (compared to 95.6% SPL on the
Habitat Challenge 2019 [26] validation set), despite being
trained on all of these scenes. This drop is mainly due to task
differences: unlike prior simpler settings that ignore colli-
sions with scene objects, our task emphasizes obstacle avoid-
ance and safer navigation—capabilities that DD-PPO does
not possess. FloDiff (pre-trained) achieves success rates of
40% in Gibson 4+ and 23.7% in HM3D, owing to its integra-
tion of floor plan information, which enhances its planning
capabilities. After fine-tuning, FloDiff shows a slight drop
on Gibson 4+ but gains 4% on HM3D, indicating that incor-
porating depth information can further improve performance.
ThreeDiff attains the best overall results, thanks to two key
factors: (1) it has learned richer associations between mul-
tiple modalities and floor plans, leading to stronger spatial
reasoning and navigation planning, and (2) it exhibits en-
hanced obstacle awareness, benefiting from the second-stage
trajectory refinement (see Sec. 6.5).

As shown in Tab. 5, on ImageNav, ThreeDiff outperforms
Nomad (both pretrained and fine-tuned) in success rate and
SPL, achieving 6.1% higher SR and 5.4% higher SPL than
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Table 5. Evaluation on the ImageNav and ObjectNav tasks.

ImageNav ObjectNav
Method
SR SPL SR SPL
ZSON [19] - - 7.2 1.1
NoMad (pretrain) [28] 15.4  10.9 - -
NoMad (finetune) [28] 22.8 17.0 - -
ThreeDiff 28.9 224 28.6 22.3

Table 6. Results of ThreeDiff on the GOAT-Bench [15]. We
compare ThreeDiff with the three official baselines.

ImageNav ObjectNav
SR SPL SR SPL

RL Monolithic [15] 11.7 7.3  25.7 13.7
RL Skill Chain[15] 42.2 180 25.8 17.0
Modular Goat[15] 27.9 19.5 294 17.0

ThreeDiff 31.0 25.6 34.5 30.8

Method

the fine-tuned version, despite both being trained on the
same expert trajectories. This indicates that incorporating
floor-plan priors facilitates more reliable and efficient image
navigation. On ObjectNav, ZSON performs poorly, mainly
because its training episodes are short (under 5m), while
most episodes in our test set exceed 7m, limiting its ability
to handle long-range goal inference.

We further compare ThreeDiff with RL Monolithic, RL
Skill Chain, and Modular GOAT [15]. To enable direct
comparison, we evaluate ThreeDiff on the val-seen split
of GOAT-Bench [15]. As shown in Tab. 6, on ImageNav,
ThreeDiff attains a lower success rate than RL Skill Chain
but achieves a 7.6% higher SPL, indicating more efficient
path planning. On ObjectNav, ThreeDiff outperforms all
three baselines in both success rate and SPL, demonstrating
that leveraging floor-plan spatial information facilitates more
reliable and efficient navigation.

It is worth noting that Modular GOAT, a map-based ap-
proach, achieves higher SPL than both RL Monolithic and
RL Skill Chain, but still falls short of ThreeDiff by 6.1% on
ImageNav and 13.8% on ObjectNav. While explicit mapping
aids in preserving environmental memory and supports long-
horizon planning, it requires additional movements during
initial exploration, which reduces overall efficiency. In con-
trast, ThreeDiff exploits spatial priors in the floor plan, in-
cluding both geometric structures and semantic regularities,
providing guidance that reduces unnecessary exploration and
enables more reliable and efficient navigation across tasks.

6.5. Ablation of Refiner

To assess the impact of the refiner, we ablate the second-
stage module, producing the w/o refiner variant. As reported
in Tab. 7, w/o refiner incurs performance degradation across
all tasks, with the most significant decline observed on Point-

forward -

mES

@ current position @ trajectory before refine @ trajectory after refine

Figure 7. Impact of the second-stage refinement. Top row: depth
observation at an inference step. Bottom row: corresponding local
occupancy map with trajectories before and after refinement.

Table 7. Performance of w/o refiner and ThreeDiff.

PointNav ImageNav ObjectNav

SR SPL SR SPL SR SPL

w/o refiner 34.3 29.2 27.7 214 253 194
ThreeDiff 42.0 36.4 28.9 22.4 28.6 22.3

Method

Nav. This underscores the critical role of the second-stage
refinement in enhancing overall trajectory quality. Fig. 7
provides a visual comparison of trajectories before and after
refinement. The refined trajectory clearly avoids obstacles,
demonstrating that by converting depth information into lo-
cal SDF, the model effectively captures navigability cues and
generates safer waypoints.

7. Conclusion

We present FloVerse, a novel task that challenges agents
to perform multimodal goal-directed navigation using floor
plans and egocentric RGBD observations. To support re-
search on this task, we collect FloVerse-1.6K, a large-
scale dataset suitable for both training and evaluation. Fur-
thermore, we introduce ThreeDiff, a two-stage end-to-end
model capable of effectively handling multiple navigation
modalities. Comprehensive quantitative and qualitative as-
sessments demonstrate (1) floor plans significantly improve
navigation efficiency, and (2) ThreeDiff achieves robust per-
formance across all three navigation tasks. We believe our
work will serve as a solid foundation for future advances in
visual navigation.

Limitations ThreeDiff has two limitations. First, it has
been primarily evaluated on floor plans from residential in-
door environments, and its performance on other types of
layouts remains to be explored. Second, it has not yet been
tested in real-world scenarios, leaving its practical deploy-
ment to be investigated in future work.
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