Bridging the 2D-3D Gap: A Hierarchical Semantic-Geometric Map
for Vision Language Navigation

Supplementary Material

In this supplementary material, we provide additional
details and comprehensive analyses to complement the
main paper. Sec. | elaborates on the specific implementa-
tion details, covering the mechanism for multi-floor naviga-
tion, simulator configurations, and algorithmic hyperparam-
eters. Sec. 2 presents extended quantitative results, includ-
ing the performance evaluation on the Object Goal Naviga-
tion task and a controlled comparative analysis to disentan-
gle the impact of the VLM backbone from our framework
design. Finally, Sec. 3 showcases more qualitative results,
offering detailed visualizations of successful navigation tra-
jectories and an in-depth analysis of typical failure cases.

1. More Implementation Details

1.1. Implementation of Multi-Floor Navigation

To enable robust navigation in complex, multi-stair envi-
ronments, we extend the HSGM framework to manage in-
dependent map representations for each floor. Let F =
{fo,- -, fn} denote the set of floors. For each floor f;, the
system maintains a dedicated map instance M (*) containing

the floor-specific scene point cloud Ps(i)ene, navigable areas

PLi),. and obstacles 7352)8 The active floor map is dynami-
cally updated according to the following mechanism.

Floor Transition Mechanism. Floor transitions are gov-
erned by a state machine that monitors the agent’s height
relative to the current floor. A floor switch is triggered only
when two conditions are satisfied: (1) the agent is located on
a valid platform (e.g., a landing), and (2) a significant verti-
cal displacement is detected. Specifically, platforms are de-
tected using RANSAC plane fitting on local points within a
radius of r = 1.5m. A candidate plane II is validated if it
exhibits a near-vertical normal (|n,| > 0.95) and sufficient
support area. Let AH = 2oy — h%fﬁw denote the vertical
displacement relative to the previous floor height. The floor
switching condition is then formulated as:

Switch = I(isPlatform(IL.y,y)) A (|AH| > @ - Hyioor)

6]
where H o0, is the estimated floor-to-ceiling height and
a = 0.75 is a threshold factor. Crucially, this transition
triggers a synchronous update of the visual input: the 2D
BEV map My, is immediately switched to the rasterized
representation of the new floor M (/=) ensuring the VLM
perceives the correct spatial context for subsequent plan-
ning.

Table 1. Performance comparison on Object Goal Navigation.
Bold denotes the best zero-shot result, and underline denotes the
second best.

Method | Zero-shot | SRT SPL?
Navid [7] X 32.5 21.5
MapNav [§] X 34.6 25.6
Uni-Navid [6] X 73.7 37.1
vifm [5] v 63.6 32.5
PIVOT [3] v 246 106
InstructNav [2] v 58.0 20.9
ApexNav [9] v 76.2 38.0
HSGM (Ours) v 73.6 36.3

Staircase Modeling and Planning. Stairs are geometri-
cally distinct from flat terrain, often resembling obstacles
due to their slope. To facilitate traversal, we explicitly iden-
tify stair regions Pgqir by filtering scene points based on
surface normal inclination, retaining points where the verti-
cal component |n,| € [0.2,0.7]. These points are spatially
clustered using DBSCAN to filter noise. During low-level
planning, a waypoint w with a cylindrical agent footprint
C(w) is considered valid if it is either collision-free or lo-
cated within a detected stair region:

isValid(w) = (C(w) N Pops = 0) V (C(W) N Pstair # 0) .

2)
This mechanism effectively exempts staircases from stan-
dard obstacle constraints, allowing the A* planner to gener-
ate continuous paths across different elevations while main-
taining safety on flat ground.

1.2. Additional Experimental Settings

Simulator Configuration. We conduct our experiments
using the Habitat simulator. The agent is modeled with a
physical height of 1.2 m. The onboard visual sensor is con-
figured with a Horizontal Field of View (HFOV) of 135°
and a downward tilt angle (pitch) of 35° to optimize ground
visibility. All visual observations are rendered at a resolu-
tion of 480 x 640 pixels.

Algorithmic Hyperparameters. In the waypoint genera-
tion phase, we employ a cylindrical collision model for the
agent with a height of 1.2 m and a radius of 0.2 m to ensure
geometric feasibility. For the low-level motion controller,
the A* path planning algorithm is constrained to a maxi-



Table 2. Comprehensive Analysis of Backbone vs. Framework. We compare AO-Planner and HSGM under different configurations.
Even without the BEV map, our decoupled framework (using only egocentric views) drastically outperforms the GPT-5-powered AO-

Planner, highlighting the superiority of our navigation paradigm.

Method | Input View | Backbone |SRT SPLt NE| OSR?
AO-Planner [1] Ego-only | GPT-40 + Gemini 1.5pro | 25.5 16.6 695 383
AO-Planner’ Ego-only GPT-5 323 213  6.12 450
HSGM (w/o BEV) | Ego-only GPT-5 460 30.1 537 617
HSGM (Full) Ego + BEV GPT-5 51.0 337 524 617
HSGM (Full) Ego + BEV GPT-40 413 301 676 51.0

t: Re-implemented using the GPT-5 API.

mum of 100 iterations. The maximum trajectory length is
capped at 200 steps per episode.

Hardware Specifications. All experiments were exe-
cuted on a workstation equipped with 96 GB of RAM and a
single NVIDIA GeForce RTX 4090 GPU.

2. Supplementary Results

2.1. Performance on Object Goal Navigation

To further assess the versatility and generalization capa-
bility of our framework beyond instruction-following, we
evaluated HSGM on the Object Goal Navigation (Object-
Nav) task using the challenging Habitat-Matterport 3D
(HM3D) [4] dataset. In this setting, the complex narra-
tive instructions are replaced with a standardized template:
“Navigate to the target object [object] and get as close to
it as possible.” Following standard protocols, a navigation
episode is considered successful if the agent stops within a
Euclidean distance of 0.3m from the target object.

We compare HSGM against several supervised and zero-
shot navigation agents. The results are summarized in Ta-
ble I.

Results and Analysis. Our framework achieves a remark-
able Success Rate (SR) of 73.6% and an SPL of 36.3%.
First, compared to other zero-shot baselines, HSGM signif-
icantly outperforms methods like PIVOT (24.6% SR), In-
structNav (58.0% SR), and vlfm (63.6% SR). This demon-
strates that our hierarchical semantic-geometric map pro-
vides a more robust representation for object localization
and path planning than pure frontier-based or heuristic ap-
proaches. Second, while slightly outperformed by Apex-
Nav (76.2% SR), which is specifically optimized for this
exploration task, HSGM remains highly competitive, secur-
ing the second-best performance among all zero-shot meth-
ods. Most notably, our zero-shot approach performs on par
with the best supervised method, Uni-Navid (73.7% SR),
and substantially surpasses earlier supervised methods like
Navid (32.5% SR) and MapNav (34.6% SR). This result

validates that our explicit 3D mapping and decoupled plan-
ning strategy can achieve human-level perception and plan-
ning capabilities on the HM3D scenes without requiring ex-
tensive domain-specific training data.

2.2. Disentangling Model Capabilities from

Methodological Contributions

A critical question in evaluating zero-shot VLN methods is
determining how much performance gain originates from
the foundation model (e.g., GPT-5) versus the navigation
framework itself. To provide a comprehensive answer, we
conducted a controlled comparative analysis involving four
settings, as detailed in Table 2.

Baselines and Variants. We compare the following con-

figurations:

* AO-Planner (Original): The reported performance of
the baseline using its default VLM [1].

* AO-Planner (GPT-5): Our re-implementation of AO-
Planner using the exact same GPT-5 API as our method,
evaluated on the 300-episode subset.

* HSGM (w/o BEV Map): Our ablation variant where the
VLM relies solely on egocentric visual prompts (similar
to AO-Planner’s input) without the top-down BEV map
representation.

* HSGM (Full Model): Our complete framework incor-
porating the Hierarchical Semantic-Geometric Map. We
evaluate this setting using both GPT-5 and GPT-40 back-
bones.

Results and Analysis. The results indicate that while up-
grading AO-Planner to GPT-5 improves its Success Rate to
32.3%, it still significantly lags behind our method. The
most critical comparison lies between AO-Planner (GPT-
5) and our variant HSGM (w/o BEV Map). Despite both
utilizing the same backbone and egocentric inputs, our de-
coupled framework achieves a Success Rate of 46.0%, out-
performing the upgraded AO-Planner by a substantial mar-
gin of 13.7%. This disparity exposes fundamental flaws



Table 3. Latency Analysis. Top: ID: Instr. Decompose, IS: Inst.
Seg., PU: PCD Update, WG: Waypoint Gen., BR: BEV Raster.,
VQ: VLM Query (GPT-5), PP: Path Plan.

Module ID IS PU WG BR VQ PP

Latency 3.1s 27ms 165ms 130ms 77ms 23.8s 11ms

HSGM (Ours) AO-Planner [1]

Settings

Dec. Follow Step Avg. Episode Step Avg. Episode
Latency 24.3s 192ms  4.87s 341s 8.68s 895s

in the visual prompting paradigm. First, regarding percep-
tion reliability, we observed that AO-Planner’s 2D segmen-
tation (Grounded SAM) often hallucinates navigable areas
on vertical surfaces (e.g., walls) due to texture similarities,
causing the VLM to plan collision-prone paths. In contrast,
HSGM employs 3D geometric constraints derived from
depth data to physically enforce obstacle avoidance. Sec-
ond, concerning the planning domain, AO-Planner forces
the VLM to infer 3D spatial dynamics implicitly from 2D
pixels. Our method resolves this by fully decoupling rea-
soning from execution: the VLM solely identifies high-level
waypoints, while the robust A* algorithm ensures precise
low-level control. Thirdly, incorporating the global BEV
Map in our Full Model further extends the lead to 51.0%
SR, confirming the additional value of explicit global spatial
modeling. Finally, when substituting the backbone with a
less capable model(GPT-40), HSGM still achieves a 41.3%
SR.

2.3. Latency and Token Cost

We analyze system latency and VLM token consumption
to evaluate efficiency. Agent operations are divided into
Decision steps (all modules invoked) and Path Following
steps (only perception and map updates). As shown in Ta-
ble 3, while Decision steps take 24.3s (dominated by the
23.8s VLM query), Path Following steps are highly efficient
(192ms). Since multiple fast following steps occur between
decisions, the overall average step latency is significantly
amortized to 4.87s. Compared to AO-Planner [1], HSGM
achieves superior navigation performance with nearly half
the average step latency (4.87s vs. 8.68s) and a drastically
shorter total episode time (341s vs. 895s). In terms of token
consumption, HSGM maintains a moderate level, with 319
tokens per decision and 4,229 tokens per episode.

3. More Visualization Results

3.1. Success Cases

As illustrated in Figure 1, our framework demonstrates ro-
bust performance across diverse and complex indoor en-

vironments. The visualization underscores the system’s
ability to decompose complex natural language instructions
into manageable sequential subtasks, providing a clear and
structured roadmap for long-horizon navigation. By syner-
gizing global context from the BEV Map with local way-
point visual prompts, the VLM acts as an intuitive high-
level planner, making reliable decisions to select geometri-
cally valid targets.

Critically, our decoupled architecture ensures that these
high-level semantic decisions are translated into precise
physical actions. Once a target waypoint is selected, the
underlying algorithm plans an optimal, collision-free path
using A*, enabling the agent to safely traverse cluttered
environments that typically challenge end-to-end models.
Furthermore, upon reaching the designated location for a
specific subtask, the VLM effectively verifies the comple-
tion status, ensuring smooth transitions between subtasks
or precise termination of the episode.

3.2. Failure Case Analysis

Despite achieving state-of-the-art zero-shot performance,
our qualitative analysis reveals specific limitations in the
spatial reasoning capabilities of current VLMs, particu-
larly regarding global scene understanding and precise self-
localization.

The first failure mode, as shown in Figure 2, involves er-
rors in identifying sequential landmarks due to fragmented
global perception. In this episode, the agent is instructed
to enter the “second door on the left.” However, at Step 5,
the VLM fails to correctly interpret the global scene struc-
ture across multiple egocentric images. Instead of identify-
ing the correct target (Waypoint 1), it incorrectly identifies
the door corresponding to Waypoint 4 as the target. This
misidentification highlights the VLM’s limited capability in
stitching together temporal observations to form a coherent
global scene understanding, leading to failures in tasks re-
quiring sequential counting.

The second failure mode, illustrated in Figure 3, per-
tains to the premature execution of actions caused by inac-
curate state estimation. The instruction explicitly requires
the agent to move along the hallway until reaching the end
(Waypoint 3) before turning. However, at Step 2, due to
an inaccurate understanding of its own position relative to
the corridor’s geometry, the VLM incorrectly determines
that it has already reached the end of the hallway. Con-
sequently, it prematurely executes a left turn (L) at an in-
termediate junction. This failure suggests that while the
HSGM provides geometric layout, the VLM occasionally
struggles to ground strict locational constraints (e.g., “at the
end”) against its current spatial state, prioritizing immedi-
ate directional affordances over geometric termination con-
ditions.



Figure 1. Visualization of Success Cases. We showcase three episodes demonstrating the agent’s capability in multi-room traversal,
object-referenced navigation (e.g., “passing the gray couch”), and precise destination identification (e.g., “wait on the white carpet”).
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