
D
el

ft
U

ni
ve

rs
it

y
of

Te
ch

no
lo

gy

Language-Conditioned
Navigation Affordance
Prediction under
Occlusion
Xinyu Gao



Cognitive
Robotics

Master of Science in Robotics

Master Thesis

Language-Conditioned Navigation Affordance
Prediction under Occlusion

Author:
Xinyu Gao

Student Number 5919320

Supervisors:

Prof. Javier Alonso-Mora – Main supervisor
Dr. Gang Chen – Daily supervisor

Date: Mar 30, 2026



Contents

Main Paper 1

Appendix
Parallel Work: Occupancy Prediction Benchmarking for Mobile Robots 9
A.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
A.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

A.2.1 Occupancy Prediction for Mobile Robots . . . . . . . . . . . . . . . . . . . . . . . 9
A.2.2 Representative Vision-based Occupancy Methods . . . . . . . . . . . . . . . . . . 9

A.3 Task Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
A.3.1 Task Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
A.3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

A.4 Benchmarking Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
A.4.1 Benchmark Setup and Standardization . . . . . . . . . . . . . . . . . . . . . . . . 11
A.4.2 Baseline Adaptation for Mobile-Robot Front-View Stereo . . . . . . . . . . . . . . 15

A.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.5.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.5.2 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.5.3 Qualitative Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

i



BEACON: Language-Conditioned Navigation Affordance Prediction
under Occlusion

Xinyu Gao, Gang Chen†, Javier Alonso-Mora

Take left, walk behind the dinning table.

Robot Target Free SpaceOcclusion

(c) BEACON: Ego-centric BEV affordance prediction

(b) Image-space grounding struggles with occluded targets

Projection

Vision-Language Model

Ego-Aligned

Vision-Language Model

Geometry-Aware

Bird’s-Eye View Encoder

Single-View RGB-D

(Oracle Selected)

Surround-View RGB-D
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under occlusion

Fig. 1: BEACON predicts an ego-centric Bird’s-Eye View (BEV) affordance heatmap for language-conditioned local
navigation, which is better suited to occluded targets than the state-of-the-art image-space grounding method.

Abstract— Language-conditioned local navigation requires a
robot to infer a nearby traversable target location from its cur-
rent observation and an open-vocabulary, relational instruction.
Existing vision-language spatial grounding methods usually rely
on vision–language models (VLMs) to reason in image space,
producing 2D predictions tied to visible pixels. As a result, they
struggle to infer target locations in occluded regions, typically
caused by furniture or moving humans. To address this issue,
we propose BEACON, which predicts an ego-centric Bird’s-Eye
View (BEV) affordance heatmap over a bounded local region
including occluded areas. Given an instruction and surround-
view RGB-D observations from four directions around the
robot, BEACON predicts the BEV heatmap by injecting spatial
cues into a VLM and fusing the VLM’s output with depth-
derived BEV features. Using an occlusion-aware dataset built
in the Habitat simulator, we conduct detailed experimental
analysis to validate both our BEV space formulation and
the design choices of each module. Our method improves
the accuracy averaged across geodesic thresholds by 22.74
percentage points over the state-of-the-art image-space baseline
on the validation subset with occluded target locations. Our
project page is: https://xin-yu-gao.github.io/beacon.

I. INTRODUCTION

Language-conditioned local navigation requires a robot to
decide where to go from natural instructions that describe a
nearby traversable target location through ego-centric direc-
tions, landmarks, or scene layout (e.g., “go behind the table,”
“turn left and move forward,” or “go down the hallway”).
Unlike tasks that can be addressed by detecting a single ob-
ject instance, it requires spatial understanding and grounding
to a precise traversable target location. In cluttered indoor
environments, the target location can be hard to ground
from the current observations due to occlusions caused by
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furniture or people, yet in many cases the robot still needs
to choose a feasible local target. This setting requires the
robot to infer, from language and current observations, a local
target location in its ego-centric frame that is traversable,
even when the target is occluded.

Recent vision-language spatial grounding methods [1]–[3]
use vision-language models (VLMs) to map observations
and instructions to spatial targets and represent the closest
existing setup to our problem. These models typically pro-
duce image-space point predictions and demonstrate strong
open-vocabulary spatial understanding across diverse scenes.
However, because image-space outputs are tied to what is
directly visible in a particular view, these models struggle
to predict target locations under occlusion in the current
observations. Occlusion-aware spatial perception for robots
has been studied [4], [5], but generally not as a language-
conditioned local target prediction problem. Meanwhile, ego-
centric Bird’s-Eye-View (BEV) representations have proven
effective for producing ground-plane outputs under occlu-
sion [6], and recent works show that injecting BEV feature
or 3D cues to VLM can improve its performance on ego-
centric tasks [7]–[9]. Together, these developments motivate
combining VLM-based spatial grounding with ego-centric
3D cues and a robot-centric BEV output for local navigation
target prediction under occlusion.

In this work, we propose BEACON, a BEV-enhanced
affordance prediction model for language-conditioned lo-
cal navigation under occlusion, shown in Figure 1. Given
single-timestep surround-view RGB-D observations and a
natural language instruction, BEACON predicts an ego-
centric BEV affordance heatmap over nearby ground lo-
cations. Here, affordance denotes the score indicating how
suitable each location is as a local navigation target. BEA-
CON combines an Ego-Aligned Vision-Language Model for
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instruction-conditioned ego-centric scene understanding with
a Geometry-Aware Bird’s-Eye View Encoder that provides
metric spatial structure from RGB-D observations, allowing
the model to infer traversable local targets even when they
are occluded in the current views.

In detail, our main contributions are as follows: We
propose a single-timestep ego-centric BEV navigation af-
fordance prediction method that grounds open-vocabulary
instructions into a local BEV affordance heatmap, making
it better suited to occluded targets than image-space spatial
grounding. We propose an Ego-Aligned VLM that incorpo-
rates 3D positional cues to improve language-conditioned
target prediction, together with a BEV-space affordance for-
mulation trained with explicit negatives over non-traversable
regions to encourage structural validity. Systematic exper-
iments on an occlusion-aware dataset in the Habitat [10]
simulator show consistent gains over zero-shot image-space
baselines and trained architecture variants under occlusion,
validating the role of each design component.

II. RELATED WORK

A. Vision-Language Spatial Grounding in Robotics

The most relevant line of work to our problem is vision-
language spatial grounding in robotics, where models map
observations and instructions to spatial intermediate outputs
that can be consumed by downstream planners. A non-VLM
method [11] struggles with non-object descriptions due to its
object-centric design. VLM-based methods typically predict
one or a few 2D coordinates as target points, often projecting
them to 3D using depth for execution. RoboPoint [1] shows
that instruction-tuning with synthetic object-reference and
free-space reference data enables a general VLM to output
image-space points satisfying spatial relations, and demon-
strates downstream use in navigation and manipulation.
Follow-up directions improve spatial capability via richer
supervision [12], explicit reasoning [2], [3], or additional
geometric cues [2], often explicitly considering navigation
as a downstream use [1]–[3], [12]–[15].

These approaches are effective as general-purpose spa-
tial interfaces because they leverage web-scale pretrained
visual semantics and language reasoning. However, robot
navigation in cluttered indoor scenes often involves occlu-
sions and indirect cues, where the instruction may imply
a landmark or target location behind people or structures.
Many existing formulations express outputs in image co-
ordinates or prioritize directly observable evidence during
inference and evaluation, and they typically do not explicitly
target robot-centric local goal inference under occlusions or
enforce structural feasibility (e.g., avoiding walls) for local
navigation targets. Our work focuses on this navigation-
centric regime and leverages 3D cues with a robot-centric
spatial representation to predict targets under occlusion while
promoting traversability.

B. VLMs with Local 3D or Ego-Centric Multi-View Inputs

Robots often operate with richer geometric observations
than a single RGB image, such as depth or multiple ego-

centric views, motivating efforts to extend vision-language
models with local 3D or ego-centric multi-view inputs for
improved spatial understanding. Some approaches inject
3D cues directly into the 2D vision tokens [7], [8], [16],
whereas others introduce a separate depth or 3D branch [2],
[17]–[21]. While they demonstrate strong 3D understanding
across captioning, question answering, and grounding tasks,
these models are not typically designed to output robot-
centric local navigation targets, nor are they commonly
evaluated in tasks where the referred target is occluded
in the current view. Recent work also explores ego-centric
multi-view spatial reasoning in vision-language models, but
remains focused on reasoning-oriented tasks such as question
answering rather than local navigation target prediction [22].

C. BEV Representations and VLM Alignment

BEV representations provide a geometry-centric interface
that inherently preserves metric spatial structure and are
widely used in occlusion-heavy perception settings [23]–
[26], mainly in the self-driving domain. BEV-based methods
usually convert visual features to the ground plane using
depth or point clouds to produce dense top-down features
for various tasks (e.g., detection and segmentation), pro-
viding a natural spatial basis for modeling targets behind
occlusions while respecting local traversability constraints.
In natural language-conditioned tasks, recent advances in
self-driving typically provide BEV features as input to the
language model, sometimes compressing BEV information
into a small set of tokens through adapter modules like [27]
and not passing raw images to the downstream language
model [9], [28], [29]. While effective for driving objectives,
this design may obscure fine-grained spatial structure that
is important for precise local goal selection in cluttered
indoor environments and may reduce the benefit of web-scale
knowledge priors from pretrained vision–language models.

Motivated by these gaps, BEACON aims to retain raw im-
age inputs for VLM-based scene understanding while using
depth-derived robot-centric BEV features to preserve local
geometry. It then combines language understanding with
dense spatial representation to predict instruction-consistent
navigation affordance under occlusion while respecting local
traversability constraints.

III. PROBLEM FORMULATION

Given four surround RGB-D views o and a human lan-
guage instruction x, we aim to infer an ego-centric local
navigation target that matches the instruction and lies in
traversable free space. This setting requires grounding open-
vocabulary instructions, expressed through landmarks, scene
structure, or ego-centric directions, to a local destination
rather than detecting a single visible object. The intended
target may be partially or fully occluded by static structures
and/or transient obstacles while still lying within a bounded
local area that does not require exploration. Figure 2 illus-
trates this setting: the left panel shows the task setup under
occlusion (isometric view), the middle panel shows the ego-
centric top-down local grid with a target region visualization,
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In the living area you will see a large couch in the center with two ottomans.

Go around the ottomans and stop once you are on the other side.

/home/gxy/Datasets/MP3D/Falcon/paper_vis/d2dbbc746ddd4834aed244263d559c84_iso (copy).png

Once in the hallway take a right, head down the hallway.

Fig. 2: Examples of language-conditioned local navigation
under occlusion. The blue boxes mark the robot, the red
boxes highlight humans and objects that cause occlusions,
and the green boxes indicate target regions.

and the right panel overlays the same target region on a
simulator top-down view.

We formulate local target inference as dense prediction in
the ego-centric BEV space. The model outputs an ego-centric
BEV navigation affordance map Â, where higher values
indicate more likely instruction-relevant target locations, and
a single target point for evaluation is obtained by taking
the argmax of Â and mapping the selected BEV cell to its
metric location. Formally, we learn a model fθ that maps
observation and instruction to the affordance map:

fθ(o, x) → Â. (1)

During training, Â is supervised with a target region mask
around the annotated target point, as defined in Section IV-D.
Dynamic obstacle avoidance and social navigation behaviors
(e.g., yielding to pedestrians) are outside the scope.

IV. METHODOLOGY

Figure 3 summarizes BEACON, which consists of two
stages. Stage 1 adapts a pretrained Ego-Aligned VLM
(Section IV-A) for ego-centric scene understanding from
surround-view observations and natural language instruc-
tions. To support this adaptation, we incorporate ego-centric
3D position encoding and perform auto-derived ego-centric
instruction tuning, so that the model better interprets spatial
language in the agent frame under the surround-view setting.
Stage 2 then initializes from the Stage 1 Ego-Aligned VLM
weights and builds the full navigation affordance predictor
by combining the instruction-conditioned VLM output with a
Geometry-Aware BEV Encoder (Section IV-B) and a Post-
Fusion Affordance Decoder (Section IV-C). The Geometry-
Aware BEV Encoder provides metric spatial features in the
BEV frame for grounding local targets under occlusion,
while the Post-Fusion Affordance Decoder combines these
features with the VLM output to predict a dense ego-centric

BEV navigation affordance heatmap. To encourage struc-
turally valid target prediction in traversable space and reduce
sensitivity to imprecise target annotations, Stage 2 is trained
with Geodesic Target Region Supervision (Section IV-D).
At inference time, the final navigation target is obtained by
taking the argmax of the predicted heatmap.

A. Ego-Aligned Vision-Language Model

The Ego-Aligned VLM provides instruction-conditioned
ego-centric scene understanding from surround-view RGB
inputs. It interprets spatial language in the agent frame and
outputs a compact signal for BEV target prediction.

1) Ego-Centric 3D Position Encoding: To improve ego-
centric scene understanding, we incorporate ego-centric 3D
position information into visual tokens following LLaVA-
3D [7] and SpatialVLA [8], adapted to a surround-view
setting. Given a 2D image patch token vi from the frozen
vision transformer image encoder, we compute its depth-
derived 3D position pi = (xi, yi, zi) in the agent frame.
A learnable embedding function E3D(·), implemented as a
lightweight two-layer multi-layer perceptron (MLP), maps
pi to the visual feature dimension and is added to the
corresponding visual token before the vision-to-language
MLP projector:

ṽi = vi + E3D(pi) (2)

Then, the MLP projector maps ṽi into the language model
embedding space.

2) Navigation Task Token Interface: To obtain a sin-
gle instruction-dependent signal for downstream Bird’s-Eye-
View prediction, we append a special token [NAV] to the
prompt and use its final hidden state as a summary em-
bedding following the common practice in vision-language
robotic systems like TrackVLA [30], and the embedding
is used as the vision-language input to the post-fusion
affordance decoder.

3) Stage-1 Auto-Derived Ego-Centric Instruction Tuning:
In Stage 1, we perform auto-derived ego-centric instruc-
tion tuning with a standard language modeling objective,
optimizing the vision-to-language MLP projector, the ego-
centric 3D position embedding E3D, the language model’s
low-rank adaptation (LoRA) [31] parameters. Supervision is
constructed automatically from the annotated target in the
agent frame as coarse direction-and-range answers. Con-
cretely, direction is discretized into eight 45◦ bins (e.g. Front,
FrontLeft, etc.), and range is split into small or big by a
fixed threshold drange. These labels are expressed as short
templated textual answers (e.g., “Move towards the FrontLeft
region with a small step.”), enabling the model to learn the
ego-centric convention and integrate surround-view evidence.

In Stage 2, the trained model provides the [NAV] sum-
mary embedding while the full BEV affordance prediction
is trained with geodesic target region supervision.

B. Geometry-Aware Bird’s-Eye View Encoder

The Geometry-Aware BEV Encoder constructs an ego-
centric BEV feature map FBEV from two complementary
sources: (i) dense image features projected to the ground
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Fig. 3: BEACON overview. Stage 1 performs auto-derived ego-centric instruction tuning with ego-centric 3D position
encoding to train the Ego-Aligned VLM. Stage 2 initializes the Ego-Aligned VLM weights from Stage 1, combines the
resulting instruction-conditioned output with Geometry-Aware BEV features, and predicts an ego-centric BEV navigation
affordance heatmap via a Post-Fusion Affordance Decoder. The two stages use different supervision signals, and inference
selects the navigation target by taking the argmax.

plane using depth, camera calibration, and Bird’s-Eye-View
pooling; and (ii) depth geometry features produced by vox-
elizing depth points and encoding them with a 3D con-
volutional depth encoder based on SECOND [32]. Dense
image features are extracted using a separate frozen vision
backbone DINOv2 [33], distinct from the vision encoder
inside the VLM, to preserve high-resolution detail for BEV
projection.

We also compute an auxiliary BEV free-space cue M from
the current depth observation via ray casting, summarizing
which cells are directly observed as free space. This cue is
used to predict a per-cell gate G ∈ [0, 1] that controls the
relative contribution of image features and geometry features.
Concretely, the two BEV sources are mixed and projected as:

FBEV = ϕ
([

(1−G)⊙ F Img
BEV, M, G⊙ FGeom

BEV

])
, (3)

where F Img
BEV denotes the depth-projected BEV image fea-

tures, FGeom
BEV denotes the BEV geometry features from

the depth encoder, ⊙ is element-wise multiplication, [·] is
channel-wise concatenation, and ϕ(·) is a 1× 1 projection.

C. Post-Fusion Affordance Decoder

The Post-Fusion Affordance Decoder predicts a dense ego-
centric BEV navigation affordance heatmap Â by fusing
the BEV feature map FBEV with the compact embedding
F[NAV] produced by the Ego-Aligned VLM. We map F[NAV]

to a Bird’s-Eye-View-aligned feature map via a convolutional
upsampling projection to match the BEV grid, concatenate it
with FBEV, and predict the BEV affordance heatmap with a

standard BEV feature fusion module from BEVFusion [26]
followed by convolutional layers.

D. Geodesic Target Region Supervision

Point-only supervision provides weak guidance for dense
BEV affordance prediction because it marks a single target
location but does not explicitly indicate where not to predict.
We adopt BEV target region supervision by aggregating
depth observations from a small temporal window around the
annotated target to obtain a local traversability estimate. This
assumes reasonable depth quality and local pose consistency,
and does not rely on simulator ground-truth maps.

Given an annotated target point p∗ on the BEV grid, the
target region is defined as cells within a geodesic radius r:

R(p∗) = {u | dgeo(u, p∗) ≤ r}, (4)

where dgeo is the geodesic distance. Cells in R(p∗) are
treated as positives and all other cells as negatives, and we
train with a binary cross-entropy loss between Â and the
target region mask.

V. EXPERIMENTAL SETUP

We evaluate BEACON on language-conditioned local nav-
igation target prediction, and additionally analyze perfor-
mance on an occluded-target subset. This section describes
the experimental setup, including data construction in the
Habitat simulator [10] (Section V-A), the compared baselines
(Section V-B), the evaluation metrics (Section V-C), and
implementation details (Section V-D). Results are presented
in Section VI.
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A. Data Construction

We derive local navigation samples from Landmark-
RxR [34], [35] by converting each instruction segment into
(start viewpoint, instruction, target), where the target is the
segment endpoint viewpoint. At each start viewpoint, we
render 4 surround-view RGB-D cameras (448 × 448, 90◦

FOV each). We restrict targets to a bounded local region
(±6.4m) and filter out samples outside this bound, requiring
exploration beyond the local area (approximated by horizon-
tal raycasts on the scene mesh), or with large height changes
(> 0.5m). The resulting split contains 70 scenes with 75K
training samples and 12K unseen validation samples.

Occluded-target subset. We define an occluded-target
subset using a depth-consistency test: the target is projected
into each rendered view and marked occluded if its pro-
jected depth exceeds the rendered depth by more than 0.1m
in all views. Under this definition, 35.84% / 34.37% of
train/validation samples are in this subset. To better reflect
realistic occlusions from both scene structure and people,
we also introduce non-interactive moving pedestrians, imple-
mented with the simulator extension from Social-MP3D [36].
Pedestrian motion is randomized and collision-avoiding. The
resulting subset has a slightly larger median target distance
than the full validation set (3.12 m vs. 2.32 m).

B. Baselines

We compare BEACON with three groups of methods:
general-purpose VLM baselines, spatial-grounding VLM
baselines evaluated with oracle-view selection, and a trained
task-specific model. The general-purpose VLM baseline is
ChatGPT-4o, which we prompt to output image-space points
following the RoboRefer [2] prompting setup, and evaluate
either on all four views jointly or with oracle-view selection.
The spatial-grounding VLM baselines are RoboPoint [1] and
RoboRefer, which include navigation-related target ground-
ing as part of their capabilities. In our experiments, we
use the RoboPoint-13B checkpoint and the largest publicly
released RoboRefer checkpoint, denoted as RoboRefer-8B-
SFT. RoboRefer-8B-SFT is our strongest open-source image-
space baseline in this setting. Because they use a single-
view image-space interface, we evaluate them with oracle-
view selection. We additionally report RoboPoint-13B (best
point) as a diagnostic upper bound on candidate selection, as
RoboPoint outputs multiple point candidates per query. These
methods output image-space predictions, so we evaluate
them in zero-shot transfer rather than retraining them under
our ground-plane target supervision, because occluded navi-
gation targets do not have a well-defined image-space label in
the current observation. Finally, as the most straightforward
supervised alternative, we train the same VLM with an MLP
head to regress a single target point in BEV space from the
images and instruction, testing whether BEACON’s gains can
be explained by straightforward supervised adaptation alone.

C. Evaluation Metrics

Following RoboPoint, we report thresholded target accu-
racy as the percentage of predicted points that fall within

a target region. Because each sample provides a single
annotated target point, we evaluate against a radius-t re-
gion rather than exact point equality, reducing sensitivity
to annotation imprecision and local endpoint ambiguity. We
instantiate this in two ways: GeoAcc@t and EucAcc@t at
t ∈ {0.5, 1.0, 1.5}m, where GeoAcc uses a geodesic target
region of radius t in traversable free space and EucAcc
uses a Euclidean target region of radius t on the ground
plane. GeoAcc is the main metric because it reflects both
localization and traversability, while EucAcc isolates spatial
proximity even when a prediction falls inside static structure.
We also report SIR (structural invalid rate), the fraction of
predictions inside non-traversable static structure, to measure
geometric validity directly. In the main tables, we report the
average over thresholds, denoted by GeoAcc and EucAcc.

D. Implementation

We train BEACON in two stages for one epoch each.
Stage 1 uses learning rate 3 × 10−5, with drange = 2.4m
as defined in Section IV-A. Stage 2 uses base learning rate
2 × 10−5, with a 5× multiplier for the BEV encoder and
the post-fusion decoder. We use InternVL2-2B [37] as the
VLM throughout the experiments, optimizing the vision-to-
language MLP projector, token embeddings, and the lan-
guage model with LoRA (rank 16, alpha 256, dropout 0.05)
while keeping the vision encoder frozen. All experiments run
on a single NVIDIA A40 GPU with batch size 4 and gradient
accumulation 2. The target geodesic radius r is set to 1m.

VI. RESULTS

We analyze experiment results to answer three primary
questions:

• How does BEACON compare with image-space base-
lines and the most straightforward trained alternative on
local navigation target prediction under occlusion?

• To what extent does each proposed design choice con-
tribute to accuracy and structural validity?

• What qualitative behaviors and failure modes does
BEACON exhibit in challenging navigation cases?

We answer these via quantitative results (Section VI-A)
and qualitative analysis (Section VI-B) respectively.

A. Quantitative Results

Table I reports the main comparison against the baselines
defined in Section V-B on the full validation set and the
occluded-target subset, while Table II analyzes the contribu-
tion of the Ego-Aligned VLM and BEV-space design choices
with an ablation study. In Table II, removing both BEV
Encoder and BEV Output gives an Ego-Aligned VLM with
an MLP point head; removing only BEV Encoder gives
an Ego-Aligned VLM with an MLP heatmap head; and
removing only BEV Output gives an Ego-Aligned VLM
whose output is updated by attending to BEV features
through cross-attention before an MLP point head. Based
on these results, we draw the following findings:
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TABLE I: Overall quantitative results on local navigation target prediction, comparing image-space baselines, straightforward
trained alternative, and BEACON on the full validation set and occluded-target subset. Best results are shown in bold.

Method Input Output Full Validation Set (%) Occluded-Target Subset (%)
GeoAcc↑ EucAcc↑ SIR↓ GeoAcc

†
snap ↑ GeoAcc↑ EucAcc↑ SIR↓ GeoAcc

†
snap ↑

General-purpose VLM baselines

ChatGPT-4o [38] RGB image point 9.69 20.65 57.25 18.94 5.69 11.55 54.03 10.39
ChatGPT-4o [38] (oracle-view) RGB image point 15.97 30.79 48.20 28.28 9.52 17.11 41.68 15.31

Spatial-grounding VLM baselines with oracle-view selection

RoboPoint-13B [1] RGB image point 20.86 32.59 39.34 30.96 15.43 23.46 35.18 21.88
RoboPoint-13B [1] (best point) RGB image point 35.86 46.96 27.63 45.50 29.14 37.72 26.96 36.42
RoboRefer-8B-SFT [2] RGB-D image point 38.00 44.65 15.97 42.47 20.09 25.45 21.49 23.65

Trained task-specific models

VLM + point head RGB BEV point 41.25 50.15 19.81 47.50 32.15 39.17 20.00 36.99
BEACON (Ours) RGB-D BEV heatmap 57.72 60.17 2.13 58.50 42.83 45.36 2.60 43.56

† GeoAccsnap is computed after snapping the prediction to the nearest oracle traversable cell as a diagnostic upper bound.

TABLE II: Ablation study of key Ego-Aligned VLM and
BEV-space design choices. Best results are shown in bold.

Stage 1
Tuning

3D Pos.
Enc.

BEV
Encoder

BEV
Output

Val. (%) Occluded-Target Subset (%)
GeoAcc↑ GeoAcc↑ EucAcc↑ SIR↓

Ego-Aligned VLM design ablations

✓ ✓ 54.76 40.06 42.49 2.37
✓ ✓ ✓ 54.36 40.22 42.64 2.62

✓ ✓ ✓ 53.59 37.93 40.31 2.50

BEV-space design ablations

✓ ✓ 48.40 37.26 43.82 16.53
✓ ✓ ✓ 48.57 37.45 43.84 15.73
✓ ✓ ✓ 52.80 36.97 42.01 11.08

✓ ✓ ✓ ✓ 57.72 42.83 45.36 2.60

Finding 1: BEACON substantially outperforms prior
image-space baselines, especially under occlusion. Ta-
ble I shows that BEACON achieves the best results among
all compared methods on both the full validation set and
the occluded-target subset. This holds across both general-
purpose VLM baselines and spatial-grounding VLM base-
lines. Compared with RoboRefer-8B-SFT, the state-of-the-
art image-space baseline in our setting, BEACON improves
occluded-subset GeoAcc by 22.74 percentage points and
reduces SIR from 21.49% to 2.60%. Together, these results
show a consistent gap between BEACON and prior image-
space baselines in both target accuracy and structural validity,
especially under occlusion.
Finding 2: Straightforward supervised adaptation alone
is insufficient. Table I shows that training the same VLM
with an MLP point head improves over prior image-space
baselines, confirming that task-specific supervision is benefi-
cial. However, the gain remains limited: on the full validation
set, its GeoAcc is only 3.25 points higher than RoboRefer-
8B, and it still remains clearly below BEACON on both
accuracy and structural validity. Table II further shows that
removing any major proposed component leads to a notice-
able drop in performance. Together, these results indicate that

BEACON’s gains do not come from supervised adaptation
alone, but from the combined effect of its proposed design
choices.
Finding 3: BEACON’s gains are not just from post-hoc
snapping. Table I shows that BEACON improves EucAcc
and GeoAccsnap in addition to GeoAcc, so its gains are not
explained only by producing fewer invalid predictions and
relying on snapping as a post-hoc correction. Table II further
shows that the Ego-Aligned VLM design improves EucAcc
on the occluded-target subset, indicating better language-
conditioned target prediction even under a metric that does
not enforce structural validity. Notably, ego-centric 3D po-
sition encoding alone does not consistently help, and only
becomes beneficial when combined with Stage-1 ego-centric
instruction tuning, which further shows that the gain comes
from the coordinated design of our Ego-Aligned VLM, rather
than from adding 3D positional information in isolation.
Finding 4: BEACON yields drastically lower non-
traversable predictions. Table I shows that BEACON
achieves a drastically lower SIR on both the full validation
set and the occluded-target subset (2.13 and 2.60, respec-
tively), indicating that its predicted targets rarely fall inside
non-traversable static structure. Table II supports that this
improvement comes from BEV-space modeling: removing
BEV components sharply increases SIR on the occluded-
target subset (11.08–16.53). Notably, the lowest SIR is
achieved only when both BEV Encoder and BEV Output
are enabled, consistent with our design choice of combining
BEV geometric features with a BEV-space affordance output.

TABLE III: Ablation study on FBEV components.

F Img
BEV FGeom

BEV G
Full Val. (%) Occ. Subset (%)

GeoAcc↑ / SIR↓ GeoAcc↑ / SIR↓
✓ 55.99 / 3.22 41.52 / 3.77

✓ 51.67 / 9.54 36.93 / 12.51
✓ ✓ 56.96 / 2.12 42.34 / 2.62
✓ ✓ ✓ 57.72 / 2.13 42.83 / 2.60
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BEV feature component ablation. Table III studies the
BEV feature construction in Section IV-B by ablating the
image feature branch F Img

BEV, the geometry feature branch
FGeom
BEV , and the learned gate G. Using only F Img

BEV already
gives strong performance, while using only FGeom

BEV substan-
tially lowers GeoAcc and increases SIR. Combining the
two branches improves both accuracy and validity, showing
their complementarity. Adding the gate gives a further gain
in GeoAcc while preserving very low SIR, supporting the
design of the Geometry-Aware BEV Encoder.

B. Qualitative Analysis

Figure 4 compares BEACON’s BEV affordance predic-
tions with the image-space baselines RoboPoint and RoboRe-
fer. For readability, the heatmap overlay is thresholded at
0.40 so that only high-confidence regions are shown. The top
two rows show successful examples under heavy occlusion,
while the bottom two rows illustrate representative failure
cases. Here, successful means that the selected target lies
inside the 1 m geodesic target region.

Affordance prediction under heavy occlusion. In the
first successful example shown in Figure 4a, part of the
referred structure is visible, but the target-side free space
is heavily occluded; BEACON concentrates affordance in
the feasible gap and selects a target inside the target region.
In the second example, the relevant landmarks are not
directly visible and the observation provides mainly layout
cues; BEACON still assigns probability mass toward the
correct direction and rough location, whereas the image-
space baselines fail without a directly visible grounding cue.

Uncertainty representation and structural validity. Our
affordance map explicitly represents uncertainty as a spatial
distribution over candidate free-space goals, while remaining
anchored to traversable geometry. In the first successful
example and the first failure case, probability mass follows
feasible corridors around furniture rather than spreading into
walls or obstacles, so the selected target is less likely to fall
inside static structure. This behavior is encouraged by the
geodesic region supervision, which provides explicit neg-
atives on infeasible regions and suppresses non-traversable
areas even when the semantic prediction is imperfect, con-
sistent with the low SIR observed quantitatively. By contrast,
image-space baselines do not explicitly model free-space
feasibility: RoboRefer tends to select conservative visible-
floor points that miss occluded targets, while RoboPoint may
predict semantically relevant pixels whose depth projection
is not traversable.

Failure cases. The two rows in Figure 4b summarize
two common failure modes. In the first row, the model
confuses the referred landmark or relation (e.g., which chair
is black and which one is “opposite”), yielding a coherent but
misplaced affordance peak. In the second row, the instruction
is underspecified about how far to proceed after entering
the room; the prediction corresponds to a plausible stopping
region but exhibits an ambiguity-induced mismatch with the
single annotated endpoint.

Hop over that table and you will land directly in front of the fireplace and you are done.

Slightly turn left. Walk straight and stand beside the sofa. There is a TV towards your left side and

wall towards your right side. 

RoboPoint RoboRefer Ours

RoboPoint RoboRefer Ours

Walk towards the one on the right. And once you're standing in this doorway on the right you'll see a

chandelier and you've reached the end.

RoboPoint RoboRefer Ours

(a) Successful examples under heavy occlusion.

Walk towards the black chair opposite to you.

RoboPoint RoboRefer Ours

Enter the room. In the room, you will find a sofa, television and a table in between them.

RoboPoint RoboRefer Ours

(b) Failures due to landmark confusion or instruction ambiguity.

Fig. 4: Qualitative examples of language-conditioned nav-
igation affordance prediction, comparing BEACON’s BEV
affordance predictions with the image-space baselines Robo-
Point [1] and RoboRefer [2]. Target regions are shown in
green.

VII. CONCLUSION

In this work, we propose BEACON, a VLM-based BEV
affordance predictor for local navigation target prediction
conditioned on an open-vocabulary instruction. In unseen
environments in the Habitat simulator, BEACON shows
consistent gains over prior image-space baselines, with the
largest improvements on the occluded-target subset. While
image-space baselines struggle with occluded cues or targets,
BEACON outputs an ego-centric BEV affordance heatmap
that yields more accurate targets and substantially fewer
non-traversable predictions. These improvements are not
simply the result of adding task-specific supervision, nor are
they explained solely by post-hoc snapping to free space;
instead, BEACON improves both Euclidean target accuracy
and traversable-target validity. Extensive ablations further
validate the importance of ego-aligned 3D cues and BEV-
space design choices.

While BEACON demonstrates strong results in simulation,
evaluating it on real-world surround-view RGB-D data with
matched instruction segments is an important next step.
Looking ahead, incorporating more explicit compositional
grounding of intermediate entities and relations, together
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with process-level supervision, may further improve multi-
step spatial reasoning.
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Appendix
Parallel Work: Occupancy Prediction

Benchmarking for Mobile Robots

A.1. Motivation
While the main body of this thesis focuses on language-conditioned navigation affordance prediction, it
does not explicitly represent the surrounding environment beyond the predicted target region. In many
practical mobile robot navigation systems, however, safe motion still often relies on an explicit model of
the local environment, for example to represent free space, obstacles, and nearby dynamic agents. To
complement the main thesis from this perception-oriented perspective, this appendix presents parallel
work carried out during the thesis on occupancy prediction for mobile robots in human-populated
environments.

Occupancy prediction provides a structured local representation of free space, obstacles, and semantic
scene layout that is directly useful for collision avoidance and local planning. While semantic and
panoptic occupancy prediction have been widely studied in autonomous driving [1], corresponding
benchmarks for mobile robots remain much less developed, especially in near-field human-populated
environments. This appendix therefore focuses on vision-based occupancy prediction for mobile robots,
including benchmark setup together with baseline adaptation and evaluation.

A.2. Related Work
A.2.1. Occupancy Prediction for Mobile Robots
Vision-based semantic occupancy prediction estimates a dense 3D field of free/occupied/unknown
space together with semantic labels, providing a map-like representation that can support downstream
navigation. Most widely used occupancy benchmarks are built for autonomous driving [2, 3, 4, 5],
where large-scale human-annotated datasets enable holistic evaluation and have motivated extensions
toward instance-aware (panoptic) occupancy [6] and motion-aware occupancy prediction [7].

In contrast, mobile-robot settings are less well covered by standardized occupancy datasets. Robot
platforms often operate at shorter ranges and in human-populated environments, where non-rigid
pedestrians and near-field occlusions are frequent; however, existing robot-centric occupancy resources [8,
9] remain comparatively scarce and often lack human-cluttered dynamics, panoptic instance annotations,
and dynamic-oriented evaluation. This appendix focuses on this gap through a standardized benchmark
setup for mobile-robot occupancy prediction.

A.2.2. Representative Vision-based Occupancy Methods
Modern camera-based occupancy pipelines largely follow two families. First, depth-lifting pipelines
adopt Lift–Splat–Shoot style designs [10, 11, 12, 13] and have been extended to occupancy prediction
through explicit spatial feature construction [14]. Second, query-based methods form explicit spatial
representations via attention over upstream features, including scene-query designs such as Bird’s-Eye
View (BEV), Tri-Perspective View (TPV), and volume queries [15, 16, 17, 18], as well as sparse query
variants that decode masks or Gaussian primitives for efficiency [19, 20, 21, 22, 23].

For panoptic occupancy, representative designs either use explicit instance queries to predict instance-
level properties and assign voxels accordingly [6], or reuse shared spatial feature maps and attach
lightweight detection-style heads to recover instances alongside dense occupancy [24]. The baselines
evaluated in this appendix are drawn from these representative paradigms.
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A.3. Task Definition
This appendix focuses on the benchmark setup and baseline evaluation in our work MobileOcc [25],
where raw sensor data are taken from the CODa dataset [26], occupancy labels are generated through a
separate annotation pipeline, and the present contribution is to turn the labeled data into a benchmark
setting for mobile-robot occupancy prediction through benchmark setup, baseline adaptation, and
evaluation.

A.3.1. Task Setup
This appendix considers local occupancy prediction around the robot from visual observations. The
model receives temporal stereo camera inputs and uses estimated ego-motion to align information
across time. During dataset construction and training, LiDAR is available and is used to provide
supervision signals such as pseudo-depth and occupancy labels; however, at inference time the system
relies on stereo images only. The output is a semantic occupancy voxel grid covering a bounded local
region in front of the robot with semantic categories relevant to human-populated scenes. In addition,
the benchmark supports panoptic occupancy for pedestrians, enabling evaluation of both semantic
occupancy and instance-level pedestrian prediction. The task is defined primarily as current-time
occupancy prediction, with pedestrian ground-plane velocity prediction considered as an auxiliary
motion output. Table A.1 summarizes the training and inference setup, while Figure A.1 illustrates the
task input and output at inference time.

Training input Training supervision Inference input Inference output

• stereo images
• LiDAR for label generation

• semantic occupancy
• pedestrian instances
• pedestrian planar velocity

• stereo images • semantic occupancy
• pedestrian instances
• pedestrian planar velocity

Table A.1: Task setup for occupancy prediction.

Stereo Images Semantic Occupancy Panoptic Instances Planar Velocity

Figure A.1: Task input and output at inference time.

All predictions are defined in the ego frame within a bounded local region around the robot; the exact
spatial range, voxel resolution, and temporal context are specified in the benchmark and experimental
setup sections. Table A.2 summarizes the notation used in this appendix.

Symbol Meaning

ℱ𝑒 ego/robot coordinate frame (with 𝑥 forward, 𝑦 left, 𝑧 up)
ℛ bounded local region around the robot used for occupancy prediction
𝐼 visual observation(s)
𝑉, 𝑉̂ ground-truth and predicted semantic occupancy volumes over ℛ
v = (𝑣𝑥 , 𝑣𝑦) planar velocity for pedestrian instances

Table A.2: Notation used in the appendix.

A.3.2. Evaluation Metrics
We evaluate occupancy prediction using the following metrics.
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Geometric IoU. We report the geometric intersection-over-union (IoU) between predicted and ground-
truth non-free voxels:

IoU =
|Ω̂ ∩Ω|
|Ω̂ ∪Ω|

, (A.1)

where Ω and Ω̂ denote the sets of non-free voxels in 𝑉 and 𝑉̂ , respectively.

Mean IoU (mIoU). For each semantic class 𝑐, let TP𝑐 , FP𝑐 , and FN𝑐 denote the number of true-positive,
false-positive, and false-negative voxels. The class IoU and mean IoU are

IoU𝑐 =
TP𝑐

TP𝑐 + FP𝑐 + FN𝑐
, mIoU =

1
𝐶

𝐶∑
𝑐=1

IoU𝑐 . (A.2)

Panoptic quality. For panoptic occupancy, we report Panoptic Quality (PQ) and its relaxed variant
PQ†. Standard PQ matches predicted and ground-truth segments using an IoU threshold (commonly
0.5), which is well-suited to LiDAR-based panoptic segmentation but can be overly strict for vision-only
occupancy where stuff regions are typically less accurate. Following [27], PQ† relaxes the strict IoU
requirement for stuff classes and is therefore more indicative for camera-only occupancy prediction.

PQ =

∑
(𝑝,𝑔)∈TP IoU(𝑝, 𝑔)

|TP| + 1
2 |FP| + 1

2 |FN|
. (A.3)

We additionally report pedestrian detection performance using Average Precision APPed evaluated on
pedestrian instance centers under multiple distance thresholds following [28].

Pedestrian velocity error. For pedestrian velocity prediction, we report the mean absolute velocity
error (AVE):

AVE =
1
𝑁

𝑁∑
𝑖=1

∥v̂𝑖 − v𝑖∥2 , (A.4)

where v𝑖 and v̂𝑖 denote the ground-truth and predicted planar velocities, and 𝑁 is the number of
evaluated entities (e.g., pedestrian voxels or matched detections). In Section A.5.2 we report AVE under
different evaluation subsets consistent with the benchmark protocol.

A.4. Benchmarking Methodology
This section summarizes the occupancy prediction benchmark setup used in this appendix, correspond-
ing to our submitted paper [25]. It focuses on (i) the benchmark setup and standardization choices for
mobile-robot perception, and (ii) the adaptation of representative published baselines to our sensor
setup and label space. Further implementation details are provided in Section A.5.

A.4.1. Benchmark Setup and Standardization
Benchmark Scope and Evaluation Target
We evaluate semantic occupancy prediction in a local 3D occupancy volume 𝑉̂ defined over the bounded
region ℛ in front of the robot. The evaluation volume covers 𝑥 ∈ [0.4, 10.0]m, 𝑦 ∈ [−4.8, 4.8]m, and
𝑧 ∈ [−1.0, 3.8]m at a voxel resolution of 0.2 m. This spatial extent captures the near-field region most
relevant for mobile-robot navigation while remaining computationally tractable. We downsample
the original sequences to 5 Hz (every second frame) to reduce temporal redundancy compared to
10 Hz, while providing denser temporal supervision than typical autonomous-driving benchmarks (e.g.,
nuScenes at 2 Hz) and better matching the temporal scale of near-field human motion in mobile-robot
scenes.
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Figure A.2: Qualitative example from the MobileOcc benchmark illustrating occupancy and instance labels. Top: input images.
Middle: semantic occupancy label at a fine resolution (e.g., 0.02 m). Bottom: semantic occupancy at the evaluation resolution

used for benchmark evaluation (0.2 m). Gray voxels indicate unknown regions; free space is omitted for clarity.

Processing Pipeline
Pipeline overview. To maximize compatibility with published camera-based occupancy codebases, we
convert the raw sequences into a nuScenes-style dataset structure and precompute the auxiliary signals
required by different baselines. Starting from synchronized sensor logs (stereo images, LiDAR packets,
calibrations, timestamps, poses) and released semantic occupancy grids, we (i) build nuScenes tables and
token chains to enable consistent time alignment and coordinate transforms, (ii) preprocess occupancy
labels (axis convention fix and voxel downsampling/cropping to the evaluation grid), (iii) derive
pedestrian-centric supervision signals (instance tracks and planar velocities), and (iv) export per-sample
metadata (infos files) used by common training pipelines. The overall workflow is summarized in
Fig. A.3.

Raw data + labels
Images, LiDAR pointcloud, cal-
ibration matrices, timestamps,
poses, occupancy grids

nuScenes-style format
Token-based database; transfor-
mation chains

Occupancy preprocessing
Evaluation-frame transform;
grid downsampling

Derived supervision
Track-based planar velocity; ego-
motion compensation

Export
Metadata export; 5 Hz sampling;
stereo depth

Figure A.3: Benchmark preparation pipeline. Convert sensor recordings and occupancy labels to a nuScenes-style format,
preprocess occupancy grids, derive pedestrian velocities from tracks, and export training metadata.

Pedestrian velocity derivation and filtering. In addition to semantic occupancy, we derive planar
pedestrian velocity targets (𝑣𝑥 , 𝑣𝑦) as an auxiliary supervision signal. Pedestrian instances are identified
from instance IDs embedded in the occupancy volume and represented by their voxel-set centroid in
metric coordinates. We associate centroids over time using a simple distance-gated temporal tracking
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rule and estimate a smoothed constant planar velocity per track using local temporal windows. Since
the robot platform is moving, we compensate velocities using ego poses from the standardized nuScenes
token chain, correcting both linear motion and yaw-rate-induced apparent motion.

Because these velocity targets are derived supervision and can be unreliable under occlusions, short tracks,
or label noise, we apply conservative filtering before export. In particular, we discard (i) pedestrian
tracks with insufficient temporal support (very short tracks or large temporal gaps) and (ii) implausible
motion estimates (e.g., speeds above a conservative threshold such as 3 m/s). We report the resulting
compensated pedestrian motion statistics in Fig. A.4 as a sanity check.

Figure A.4: Distributions of compensated and filtered pedestrian motion statistics. Left: linear speed. Right: angular velocity.

Data Sanitization
Frame-level quality control. Before constructing the final benchmark splits and training metadata, we
apply conservative quality control to remove corrupted or unreliable intervals (e.g., sensor synchroniza-
tion issues or severe LiDAR artifacts such as glass reflections). This filtering is performed once on the
raw sequences and then kept fixed for all methods, ensuring that all baselines are trained and evaluated
on the same set of valid frames. After filtering, the benchmark contains 116,511 frames at 5Hz.

Label-space sanitization. The provided semantic IDs follow a Cityscapes-like taxonomy and include
categories that are either implausible in the target environment (e.g., train, bus) or too rare/ambiguous
for stable voxel-level evaluation. To obtain a compact and consistent benchmark label space, we map
irrelevant or inconsistent categories to unknown and merge visually confusable categories. In particular,
we merge bicycles and motorcycles into a single two-wheeler class and group static structural categories
into an other-structure class. The final benchmark taxonomy contains one free-space class, nine occupied
semantic classes, and an unknown class.

Table A.3: Mapping from the original Cityscapes-style semantic IDs to the final benchmark taxonomy used for benchmark
evaluation. Only representative and frequently occurring classes are listed; rare or implausible categories are mapped to unknown.

Original class Benchmark class
Free Free
Unknown Unknown
Road Road
Terrain Terrain
Vegetation Vegetation
Wall / Building / Fence Other-structure
Pole / Traffic sign / Traffic light Pole
Car Car
Truck Truck
Bicycle / Motorcycle Two-wheeler
Bus / Train Unknown
Person (instance-based) Pedestrian

Sanitization effect. Fig. A.5 compares the class frequency distribution before and after label-space
sanitization. Implausible categories are absorbed into the unknown label, while visually overlapping
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classes (e.g., bicycle/motorcycle) and fine-grained static structures are consolidated into two-wheeler and
other-structure, respectively. This redistribution reduces the long-tail sparsity of the original taxonomy
and yields a more compact and consistent label space for evaluation.

Figure A.5: Class distribution before and after label-space sanitization.

Split Design and Balancing
Motivation: avoid leakage while keeping evaluation stable. Occupancy sequences derived from [26]
exhibit strong temporal and spatial correlation. A random frame-level split would place near-duplicate
viewpoints in both training and validation, leading to over-optimistic results. We therefore split at the
recording-sequence level and assign each sequence entirely to one split, which prevents recording-session
leakage.

The dataset contains only four recorded places, so place overlap across splits is unavoidable. Rather
than targeting unseen-site generalization, we use a sequence-disjoint validation split that approximately
matches the overall place and illumination statistics for stable in-distribution comparison. Some coarse
condition overlap remains due to the limited site diversity of the source locations, and we make this
explicit in the sequence-level similarity analysis.

Balancing factors. We balance the split along two axes that substantially affect appearance and
occupancy inference: (i) illumination and (ii) place (GDC, Guad, UNB, WCP). Figure A.6 shows
representative appearance variation under different lighting and weather conditions.

Day (Sunny) Day (Cloudy/Rainy) Dark

Figure A.6: Example frames under different illumination conditions in the dataset. These examples illustrate representative
appearance variation across day and dark scenes, including differences caused by weather.

Group-stratified split objective. We select the validation scenes by minimizing a simple weighted
objective while keeping whole scenes intact:

ℒsplit = 5
(
𝑟 − 0.20

)2 + 1.5
∑

𝑏∈{Day,Dark}

(
𝑝̂𝑏 − 𝑝𝑏

)2 +
∑

𝑚∈{GDC,Guad,UNB,WCP}

(
𝑝̂𝑚 − 𝑝𝑚

)2
, (A.5)

where 𝑟 is the validation frame ratio, 𝑝𝑏 and 𝑝𝑚 denote the overall (post-drop) proportions of illumination
condition 𝑏 and place 𝑚, and 𝑝̂𝑏 and 𝑝̂𝑚 denote the corresponding proportions within the validation
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split. We enumerate candidate scene subsets, keep whole scenes intact, and select the lowest-loss
candidate among those with validation size constrained to 15–25% of all frames.

Resulting split. After filtering and dropping invalid frames, the dataset contains 233,025 frames,
of which 184,608 are used for training and 48,417 for validation (20.78%). Table A.4 reports the
resulting statistics, showing that the validation split closely matches the overall place and illumination
distributions. Training and validation remain disjoint at the recording-sequence level, preventing
recording-session leakage. Figure A.7 summarizes the sequence-level assignments through a coarse
metadata similarity analysis.

Table A.4: Scene-level split summary and distribution matching. “Total” refers to all frames after dropping invalid samples;
“Train” and “Val” are the resulting subsets.

Metric Total Train Val
Frames (post-filter) 233,025 184,608 48,417
Ratio in total – 0.7922 0.2078
Dark ratio 0.1814 0.1789 0.1906
Place ratio
GDC 0.2357 0.2349 0.2385
Guad 0.4750 0.4829 0.4447
UNB 0.0255 0.0123 0.0757
WCP 0.2639 0.2698 0.2412
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Figure A.7: Sequence-level train–validation similarity heatmap based on coarse capture metadata. Similarity is a discrete score
𝑠 ∈ {0, 1, 2, 3}: 𝑠 = 3 if place, trajectory direction, and illumination–weather label all match; 𝑠 = 2 if place matches and exactly one

of direction or illumination–weather matches; 𝑠 = 1 if only place matches; and 𝑠 = 0 otherwise. Disjoint sequence identifiers
prevent recording-session leakage, while limited site diversity leads to some residual coarse-metadata overlap between training

and validation sequences.

A.4.2. Baseline Adaptation for Mobile-Robot Front-View Stereo
This subsection summarizes the representative published baselines evaluated for this task and the
minimal adaptations required to apply driving-centric occupancy frameworks to our mobile-robot
benchmark. Most public occupancy codebases assume (i) surround-view multi-camera rigs and (ii)
target occupancy volumes designed for longer-range autonomous driving, whereas our benchmark
uses a front-view stereo setup and a near-field target occupancy volume. We therefore (i) reduce
multi-camera inputs to a single front-view stream (or stereo pair when required) and (ii) align the target
occupancy volume to our benchmark, while keeping the original model designs and losses unchanged
whenever possible to ensure fair and reproducible comparison.

Adaptation Principles
We follow three principles when porting baselines to our benchmark: (i) minimal deviation from
the official implementations (no architectural changes unless required by input/output interfaces), (ii)
consistent evaluation target (all methods predict the same target occupancy volume and label space
defined in Section A.4.1), and (iii) comparable temporal coverage across methods whenever feasible.
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Figure A.8: Overview of baseline adaptations for the MobileOcc benchmark.

Monocular BEV-Based Baselines
BEVDet4D. We include BEVDet4D [29], originally proposed for BEV-based 3D detection, as a
representative monocular BEV lifting pipeline and as an initialization source for downstream occupancy
heads. The original implementation is designed for multi-view surround-camera inputs; in our setting,
we evaluate a monocular variant by using only the left stereo camera stream for depth estimation and
BEV lifting. Apart from this input formatting change and the alignment of the target occupancy volume
to our benchmark setup, we retain the original model components and supervision signals.

FlashOcc and Panoptic-FlashOcc. We evaluate FlashOcc [14] and Panoptic-FlashOcc [24] as semantic
and panoptic occupancy baselines. Similar to BEVDet4D, these methods assume surround-view
multi-camera inputs and are adapted to our front-view setting by operating on a single camera stream
(left stereo camera) while keeping their BEV lifting and occupancy decoding pipelines unchanged. We
use temporal input queues (8 historical frames) following their public settings and align the occupancy
prediction volume and semantic head to the benchmark target occupancy volume and label space.

Stereo Baseline
We evaluate VoxFormer-T [17], the temporal variant of VoxFormer using 4 historical frames, as a stereo
occupancy baseline. VoxFormer employs a two-stage pipeline: Stage-1 consumes voxelized depth cues
to produce a coarse 3D occupancy proposal, and Stage-2 refines this proposal using transformer-based
volumetric decoding. The public implementation assumes an available learned stereo depth module to
provide Stage-1 depth inputs [30] which was only pretrained on SemanticKITTI; to match our sensor
setup and keep the remaining architecture unchanged, we replace this dependency with stereo matching
on the front stereo pair, followed by back-projection and voxelization to produce the required depth
voxel input. Stage-1 predicts a coarse occupancy volume (0.4 m resolution in the public setup), which is
then aligned and upsampled to our 0.2 m evaluation volume for training and evaluation. To maintain
comparable temporal coverage with the monocular baselines using 8 historical frames, we use 4 historical
frames sampled alternately in time.

Panoptic Occupancy with Velocity
To jointly evaluate panoptic occupancy and pedestrian motion prediction, we introduce Panoptic-FlashOcc-
vel, a lightweight extension of Panoptic-FlashOcc that adds planar pedestrian velocity prediction (𝑣𝑥 , 𝑣𝑦).
Concretely, we augment the original detection/panoptic head with a velocity regression branch trained
with an ℓ1 loss using the tracking-derived velocity targets described in Section A.4.1. All other
components of Panoptic-FlashOcc remain unchanged, enabling joint evaluation of voxel-level panoptic
occupancy and pedestrian motion.



A.5. Experiments 17

Figure A.9: Architecture for Panoptic-FlashOcc-vel. We extend the original Panoptic-FlashOcc head with a Winner-Takes-All
(WTA) pedestrian velocity regression branch that predicts planar velocity components (𝑣𝑥 , 𝑣𝑦), supervised with an ℓ1 loss. The

occupancy and panoptic heads remain unchanged.

A.5. Experiments
A.5.1. Experimental Setup
We evaluate all occupancy prediction methods on the MobileOcc benchmark described in Section A.4.
Unless otherwise stated, all predictions and metrics are defined in the ego frame ℱ𝑒 within the bounded
local region ℛ following Section A.3.

Evaluation grid and data splits. We use a voxel resolution of 0.2 m and evaluate occupancy within
the grid spanning 𝑥 ∈ [0.4, 10.0]m, 𝑦 ∈ [−4.8, 4.8]m, and 𝑧 ∈ [−1.0, 3.8]m. The raw sequences are
downsampled to 5 Hz by taking every second frame. After filtering and downsampling, the training
split contains 92,303 samples and the validation split contains 24,208 samples, corresponding to 79.22%
and 20.78% of the total data, respectively. Among these, 30,457 training frames and 7,165 validation
frames include pedestrian annotations.

Benchmark protocol, methods, and metrics. We follow the MobileOcc benchmark specification
for label space and baseline adaptations described in Section A.4. In brief, we evaluate semantic
occupancy, panoptic occupancy for pedestrian instances, and pedestrian planar velocity prediction using
representative monocular BEV lifting and occupancy decoding baselines (BEVDet4D [29], FlashOcc [14],
Panoptic-FlashOcc [24]) and a stereo occupancy baseline (VoxFormer-T [17]), as well as our Panoptic-
FlashOcc-vel extension.

We report geometric IoU and semantic mIoU for voxel occupancy (Section A.3.2), and panoptic metrics
(PQ and PQ†) for voxel-level panoptic occupancy. Pedestrian detection performance is reported using
Average Precision APPed computed from predicted pedestrian instance centers under multiple center-
distance thresholds (0.1 m, 0.2 m, 0.5 m, and 1.0 m), following the benchmark protocol used in the
MobileOcc paper. For pedestrian velocity prediction, we report the mean absolute velocity error (AVE)
under three subsets: AVE-T over all ground-truth pedestrian voxels, AVE-D over matched true-positive
pedestrian detections (center distance ≤ 1 m), and AVE-O over correctly classified pedestrian-occupied
voxels.

A.5.2. Main Results
Semantic Occupancy Prediction

Method IoU mIoU
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VoxFormer-T [17] 57.81 24.89 32.79 1.39 28.47 7.08 70.90 23.57 5.23 28.04 26.52
FlashOcc (8f) [14] 57.71 27.18 31.91 5.36 31.00 10.16 70.82 27.29 7.35 30.85 29.88
Panoptic-FlashOcc (8f) [24] 57.83 26.64 32.45 3.66 31.79 9.96 70.35 25.90 5.87 30.99 28.83

Table A.5: 3D occupancy prediction performance. The best results are shown in bold. IoU denotes the geometric IoU.

Table A.5 reports semantic occupancy performance on the validation split. Among the evaluated
methods, FlashOcc achieves the highest mIoU and performs best on most semantic categories. Panoptic-
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pedestrian car other struct. pole road terrain truck two-wheeler vegetation

Stereo Images Ground Truth VoxFormer-T [17] FlashOcc (8f) [14] Panoptic-FlashOcc
(8f) [24]

Figure A.10: Qualitative comparison of different baselines under diverse lighting conditions (sunny, night, and cloudy).
Performance differences are most visible on pedestrians and the overall scene layout, while some rare categories and fast-moving

objects can appear inconsistent due to limited training frequency and motion blur.

FlashOcc yields a minor mIoU drop relative to FlashOcc, consistent with the expected trade-off
introduced by joint semantic and panoptic prediction. VoxFormer-T, which leverages stereo depth cues,
remains competitive on pedestrians and achieves the best pedestrian IoU among the three baselines.

Figure A.10 provides qualitative comparisons across diverse lighting conditions (sunny, night, and
cloudy). Across methods, road and major occupied structures are recovered consistently in the near-field
region, while fine-grained categories such as thin poles or rare vehicle classes remain more challenging.

Panoptic Occupancy and Pedestrian Detection
We evaluate pedestrian detection and panoptic occupancy quality using BEVDet4D and Panoptic-
FlashOcc. As shown in Table A.6, BEVDet4D provides pedestrian detections, while Panoptic-FlashOcc
predicts voxel-level panoptic labels, enabling evaluation under panoptic metrics. Besides standard PQ,
we report PQ† as explained in Section A.3.2, which relaxes the strict IoU matching requirement for stuff
classes and is more indicative for vision-only occupancy prediction.

Figure A.11 visualizes Panoptic-FlashOcc predictions, including the predicted semantic occupancy and
separated pedestrian instances. The instance-level representation for pedestrians is a key capability for
pedestrian motion estimation and complements semantic occupancy prediction.
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Method PQ PQ† RQ SQ PQPed RQPed SQPed APPed

BEVDet4D (8f) [11] – – – – – – – 41.7
Panoptic-FlashOcc (8f) [24] 19.9 28.1 65.8 32.6 42.5 60.2 70.7 45.5

Table A.6: Baseline performance on 3D panoptic occupancy.

Pedestrian Velocity Prediction
We compare BEVDet4D and Panoptic-FlashOcc-vel on pedestrian velocity prediction. Table A.7 reports
AVE under the three evaluation subsets (AVE-T, AVE-D, and AVE-O), together with mIoU for semantic
occupancy. Panoptic-FlashOcc-vel achieves comparable velocity accuracy while simultaneously provid-
ing voxel-level semantic occupancy. Figure A.12 shows qualitative velocity predictions; the results are
visually consistent for most pedestrians, while occasional direction ambiguity (e.g., forward/backward)
remains a challenging case.

Method AVE-T↓ AVE-D↓ AVE-O↓ mIoU↑
BEVDet4D (8f) [29] 1.00 0.36 – –
Panoptic-FlashOcc-vel (8f) [24] 0.97 0.39 0.67 26.00

Table A.7: Comparison of pedestrian absolute velocity error (AVE).

A.5.3. Qualitative Discussion
Figures A.10–A.12 illustrate that the evaluated vision-based occupancy pipelines recover the overall near-
field scene layout consistently across diverse illumination conditions. In particular, pedestrian occupancy
and instance separation remain visually stable in many scenes, including cases with pedestrians at
relatively large distances, supporting the benchmark emphasis on human-aware perception for mobile
robots. At the same time, certain static categories (e.g., thin vertical structures or vegetation-like regions)
can be more ambiguous in vision-based occupancy prediction and may be further affected by annotation
noise introduced by automatic labeling.
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Stereo Images Ground Truth Predicted Semantic Occupancy Predicted Instances

Figure A.11: Panoptic occupancy prediction performance using Panoptic-FlashOcc (8f) [24].
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Stereo Left Ground Truth Velocity Prediction

Figure A.12: Pedestrian velocity prediction using Panoptic-FlashOcc-vel (8f). The directions are shown in colors and arrows.
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