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Abstract

Open-vocabulary scene understanding is crucial for robotic applications, involving
locating targets from 3D semantic scene representations given queries. However,
existing mapping approaches often focus on task-agnostic representations, suffering
from inaccurate semantic supervision due to noisy and ambiguous perception.
We introduce ProGround, a prompt-then-ground framework for online neural
implicit mapping that reshapes the data distribution to prioritize task-relevant
and high-confidence semantic features. We exploit in-network aggregation of
local-global feature pyramids with sufficient context information. To ensure fast
optimization with accurate reasoning, we probe semantics from concatenated
features of positional and color embedding and employ a selective experience replay
mechanism for continual learning with forgetting avoidance. Evaluated on Habitat-
Sem, ProGround achieves a +4.36% improvement in Top-1 semantic accuracy over
state-of-the-art methods while maintaining memory efficiency. Applications for
robotic navigation reveal great potentials with the proposed paradigm.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



= B X [ wxsind % f
- ¢ v
Task 1: find Task 2: find g v y — ‘ ' e
\ “white chairs” R | A | “ . b
KA - = - dm| SR -

o~
+ ¥
I3 < - = Y #'.\ Task 4: find

= “light blue pillows”
- 9
) &
= et :

4 Task 5: find
® o “queen size beds”

Figure 1: ProGround constructs a queryable task-oriented neural map. It grounds features
with the awareness of task-relevance and confidence and supports query with both images and texts,
suitable for task-driven applications like robotic navigation and manipulation.

1 Introduction

In recent years, scene understanding has increasingly focused on 3D visual grounding, which aims to
locate specific objects in environments that semantically correspond to given queries. This involves
constructing queryable map representations that capture environmental semantics, allowing robots to
reason about their surroundings in an interpretable manner. Traditional grid-map-based methods [2,
20, [36] typically rely on closed-vocabulary representations, where objects and concepts are restricted
to a fixed set of categories. This limitation hinders generalization to out-of-domain targets, synonyms,
and diverse linguistic expressions. To address this, recent advancements have shifted toward open-
vocabulary representations, leveraging progress in vision-language models [[1, 23} [12]]. Unlike their
closed-vocabulary counterparts, open-vocabulary representations leverage visual features from a
rich, language-aligned semantic space, allowing for flexible storage of various categories and multi-
modal querying. This enables robots to interpret and handle a broader range of human instructions
effectively. Ideally, we aim to construct scene representations that capture all semantic details with
high fidelity. A major challenge in achieving this is perception ambiguity due to occlusions and
limited viewpoints, which may lead to incorrect semantics. In offline scene construction, where
all frames are available simultaneously, iterative and computationally intensive refinements can be
applied to ensure a cleaner representation. However, this becomes infeasible given streaming data as
computational resources and processing time are limited: systems must process streaming data within
strict time constraints while handling incomplete or obstructed views, making 3D visual grounding
more difficult. As illustrated in Fig. [T} Considering that grounding is often task-driven, particularly in
applications like robotic navigation and manipulation, prioritizing task-relevant information while
reducing focus on irrelevant and ambiguous data leads to a goal-aligned representation that is effective
for downstream applications with promising efficiency.

Therefore, we propose a prompt-then-ground paradigm for constructing online, task-oriented map
representations. To achieve this, we specify task-relevant features guided by prompts, which reshape
the raw observations into a task-oriented one for grounding. Storing such high-dimensional features
on-the-fly raises challenges regarding computational and memory efficiency. Compared to the discrete
representations [8,131]], neural fields [25} 35} 11} 6] reveal nice properties by encoding color, geometry,
and semantics implicitly and maintain a fixed size regardless of the changing scene scales. To ensure
efficiency and accuracy during the online optimization, we probe semantics upon a feature space
with preliminary cues from positional and color information. A replay-based continual learning
strategy is deployed for online optimization that stores a sparse set of samples to ensure adaptation
to new observations while preserving past knowledge. The prompted semantic features with task
relevance scores supervise the neural field as a weighted grounding of task-relevant information. Our
contributions can be summarized as follows:



* We propose a prompt-then-ground paradigm for task-aware scene understanding. The
open-vocabulary semantic features with task-relevancy form a compact and queryable
representation.

* We exploit a selective experience replay solution to balance between reconstruction accuracy
and efficiency given the task-oriented features.

* We obtain a continuous representation with promising memory-efficiency and accuracy.
Appearance, geometry, and task-relevant semantics are encoded compactly, supporting
semantic navigation given different modalities.

2 Related Work

2.1 Foundation Models for Semantic Mapping

Open-vocabulary representation has emerged as a prominent trend in semantic mapping due to its
ability to generalize beyond closed-set category definitions, where vision-language models (VLMs)
play a crucial role in providing modality-aligned features. To deal with image-wise features [23}
16, [15]], a widely adopted mapping approach is segment-then-encode [31} [19} 28], where images are
first segmented using class-agnostic models [[12} [37]] before being processed by the VLMs. HOV-
SG [131]] constructs an open-vocabulary 3D scene graph by associating segment-based features across
frames. CLIO [19] incrementally builds a 3D representation by clustering 2D segment-based features
into nodes, filtering task-irrelevant information with information bottleneck [29]. O2V-Map [28]]
grounds segment-based features into an open-vocabulary field to maintain spatial and semantic
consistency. However, this approach is susceptible to issues introduced by segmentation models,
over-segmentation for instance, which may degrade performance.

An alternative is direct mapping with finer-grained VLM features from open vocabulary models,
bypassing reliance on segmentation models. These features can be categorized as pixel-level [[14]} |5]]
or region-level [40, (7, 4] 41]. The features from these models eliminate the limitations introduced
by segmentation models and provide more reliable semantics for mapping. Recent work of Open-
NeRF [6] leverages the finer-grained VLM features with a NeRF-based representation, but relies on
iterative optimization over the entire dataset in an offline setting. We take a step further to ground
task-relevant features on-the-fly to remove the redundancy while maintaining an online system.

2.2 Trade-offs in Feature Grounding

Early efforts in grounding modality-aligned features primarily focus on offline mapping [3} 9} [1 1} 6],
where observations are available all at once and representations are constructed prior to deployment.
These methods benefit from extensive iterative refinement, reprocessing of past data, and global
optimization of learned representations without time constraints. This leads to highly refined scene
understanding but typically requires significant computational resources and processing time, limiting
their practicality in resource-constrained scenarios and live deployment. In contrast, online mapping
has gained attention for its ability to incrementally fuse vision-language features in a real-time
budget [22, 18} [19,[33]]. This imposes strict constraints on latency and memory consumption, requiring
the system to balance accuracy with efficiency, where association is usually conducted in a coarse
manner with efficient data fusion or marginalization.

Besides the balance between accuracy and efficiency, another key factor is to minimize the storage
of cumbersome information across views. This is usually dependent on the corresponding represen-
tations, either in an explicit or implicit fashion. For explicit representations, the high dimensional
features are explicitly stored in discretized primitives such as point cloud [[10] or grids [9], which is
typically less memory-efficient. To avoid the redundancy, sparse graph [8l[19] and dictionary [33]]
structures are exploited to maintain a sparse set of features that are locally consistent. Neverthe-
less, the local consistency requires non-trivial and manual association to establish spatial-temporal
correlations. Implicit representation on the other hand, encodes features within neural implicit
fields [3}24] and optimize the parameters through differentiable rendering, enabling continuous and
memory-efficient feature grounding. Given the computational constraints of online mapping and the
need for efficient feature storage, we take the implicit representation and adopt a selective experience
replay strategy that incrementally integrates vision-language representations into the neural field.



3 Preliminary

We take in a stream of camera poses and RGB-D images given known camera intrinsics and aim to
construct a neural implicit field 8 incrementally, which maps spatial coordinates x to scene properties
y, including color ¢, geometry s, and task-relevant semantics f defined by a specific grounding task
T. The optimization involves supervising these outputs using the corresponding information within
the observations. The overall optimization objective of the neural field can be written as:

0 = argrrlaan(x,y)ND[ﬁ(Xay;e)]a (M

where L is the self-supervised loss through differentiable rendering specified in Sec. ]

In offline learning, where all data D is available at once, we can carry out global joint optimization
by minimizing the empirical risks. However, in an online setting, training the feature field using
streaming data undergoes constant distribution shifts that may lead to catastrophic forgetting. To
address this, past experience is usually stored in a dynamic buffer M with key frames to
approximate the distribution of the entire sequence. The objective is then to minimize the losses of
past experience M and the instant observation S? balanced by the hyperparameter (3 as:

0" = arg min Z L(x,y;0") + Z L(x,y;0"). )

(x,y)es? (x,y)eM?

For feature grounding with vanilla neural fields, methods [38], [I1]] usually treat all observations
equally regardless of their relevance or reliability. This can lead to the accumulation of ambiguous
semantics and degrade the learned representation, as spurious or uncertain features may be reinforced
over time. To mitigate the influence of low-relevance and uncertain information, we propose a
prompt-then-ground framework, which reshapes the data distribution to be highly task-focused,
which is equivalent to prioritizing data points with high relevance and confidence. The relevance
can usually be acquired from the foundation models controlled by provided prompts, indicating the
confidence of a detected object w.r.t. the prompted labels. Therefore, the provided confidence scores
¢, (x) controlled by tasks form a task-oriented distribution given weighted replay buffer M as:

P(x,£f[Dpr) = e (3)(er (x) > Ar)P(x, £ D), ©)

where ¢, (x) represents the semantic confidence of a sample (x, f), I is an indicator function, and
I(c-(x) > A;) filters out low-confidence samples below the threshold. The score ¢, ensures that
task-relevant samples are emphasized.

4 Methods

Our pipeline consists of two stages: prompt-driven feature extraction (Sec4.1)) and online grounding
via implicit neural fields, where the architecture is elaborated in Sec.[d.2} followed by the selective
replay-based optimization process in Sec. [d.3]
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Figure 2: Issues of segment-then-encode paradigm. Segment-then-encode paradigm often fails to
correct mislabeling through manually fused local and global features and struggles to provide reliable
semantics when instances are over-segmented.



(a) Instance segmentation (b) Coordinate embedding (c) Parametric embedding (d) Color embedding

Figure 3: PCA results of features from different modules. Coordinate embedding encodes relative
height and spatial positions. Optimizable features like parametric and color embeddings provide finer
details, with color features closer aligning with ground truth segmentations.

4.1 Hierarchical Feature Extraction with Task Relevance

3D visual grounding requires features with fine-grained details and broad context information. As
discussed in Sec.[2.1] the segment-then-encode [10l 31 19] paradigm attempts to fuse local instance
features with global image context with a heuristically selected weight through careful manual tuning.
Even with perfect segmentation, local features are often biased and can hardly be altered as the weight
is controlled by the local-global similarities. For instance, a mirror shown in Fig. [2a]is misclassified
as a door and door frame due to its reflection. These errors propagate during multi-frame fusion,
compromising the reliability of the final map. Compounding the issue, class-agnostic segmentation
often suffers from over-segmentation caused by complex textures and lighting conditions. This
fragments instance-level features, making local context misleading. As shown in Fig. a black
chair is erroneously divided into multiple segments with noisy labels. Such excessive segmentation
highly degrades semantic consistency across views.

In contrast, inherently fusing local and global context within the network structure offers a more
cohesive alternative. Rather than relying solely on isolated local features, we seek features that capture
and aggregate multi-scale contexts from visual inputs. In-network aggregation broadens the receptive
field of instance semantics by incorporating global image context through trainable convolutional
architectures. Specifically, we exploit YOLO-World [4] that integrates a Path Aggregation Network
(PAN)[18] to enhance feature propagation across different scales. As demonstrated in Fig. [2b]and
[2d] the model infers instance-wise semantics and aggregate local-global information directly from
the image without manual efforts. With the pre-defined task 7 as prompts, the model outputs
the bounding boxes and the corresponding multi-scale features f with task-relevance scores c..
Prompted segments can then be obtained with FastSAM [37]] for dense semantic features with clear
boundaries. We will show in the experiment section that the prompted fashion effectively mitigate
the low-confident and irrelevant features for task-focused supervision.

4.2 Shared Embeddings to Balance Acuracy-Efficiency for Implicit Neural Mapping

We maintain a unified and compact neural representation of the scene geometry, appearance, and
semantics with promising memory efficiency. A key challenge lies in fast convergence given the online
computational budget. Our representation follows a coordinate-based encoder-decoder structure,
where the primary consideration is selecting a proper hidden space for accurate and efficient semantic
decoding. In practice, we follow CO-SLAM [30] that utilizes one-blob coordinate encoding y(x)
and hash-based parametric encoding ¢(x) for faster convergence. A two-layer MLP is taken as
the geometry decoder that takes in the concatenated features [y(x), ¢(x)] and predicts SDF s and
a geometric feature fz. Another two-layer MLP is taken as the color decoder that takes in the
concatenated features [y(x), fg] to generate RGB values c.

The major challenge lies in the aggregation of noisy semantic features from 2D observations. Unlike
color and geometry which remain consistent across views, semantic features vary due to the inherent
aleatoric and epistemic uncertainty. We view the learned embedding of color regression as a local reg-
ularizer that shares similar decision boundaries with semantics, where sparse but accurate supervision
can propagate to nearby regions. This insight aligns with past few research [38| [39], indicating that
shared features among geometry, color, and semantics accelerate convergence and assure accuracy
with a unified representation. Nonetheless, color alone is insufficient for semantic differentiation, as
visually similar instances may belong to different categories. Therefore, we concatenate the positional



encoding ~y(x) with the final-layer features f. of the color decoder to provide necessary instance
separation, where a single linear layer is learned on-the-fly to regress high-dimensional semantic fea-
tures from sparse and noisy 2D observations. During optimization, features f; derived from the color
decoder are detached before being passed to the semantic layer. This ensures that semantic features
leverage the shaped feature space without disrupting it, avoiding oscillating gradients introduced by
the semantic supervision.

As illustrated in Fig. the learned color features exhibit patterns aligned with semantic structures
shown in Fig. In addition, the one-blob encoding [21]] v(x) shown in Fig. [3b| for positional
embedding preserves local smoothness geometrically due to the Gaussian kernel activation across
adjacent bins. This aligns well with our previous intuition and the design, where the shared positional
and color embeddings lead to a nice landscape for semantic decoding. As shown in the experiment
section, the strategy not only leads to faster convergence of the semantic regression, but also enhance
the accuracy of the final semantic reconstruction. In addition, to balance between the sparse supervi-
sion of detected instances and a large portion of unsupervised background areas, we maintain a linear
layer to predict uncertainty given the one-blob encoded features v(x). The architecture of the neural
representation is provided in the supplementary material for better clarification.

Furthermore, since the neural field is supervised only with task-oriented semantics, it is important
to identify background regions lacking supervision, which may otherwise introduce misleading
semantics. At the same time, to fully leverage the multi-scale features from the feature pyramid
(Sec. 1), which are routed to different detection heads for logits based on corresponding scales,
we must determine the appropriate scale for each predicted per-point feature at query time, thereby
selecting the correct detection head for querying. To address this, we introduce a feature scale head
that takes in ¢(x) and classifies each point into its most appropriate scale while also identifying points
that lack reliable supervision, guiding each point to the correct semantic decoding path.

4.3 Selective Experience Replay for Grounding

To optimize the neural field on-the-fly as indicated in Eq.[2] we adopt the differentiable rendering
that bridges the information within the neural field and the observed visual data in the image domain.
Given a camera pose x, which determines the camera origin o and the viewing direction r, a ray is
parameterized as r(d) = o+dr, where d represents depth along the ray. Volumetric rendering [34}[30]
can then be conducted by accumulating per-point contributions along the ray. The rendered outputs
for different properties y,, including color ¢, depth d, semantic feature f, and the corresponding
feature scale label [ are computed as:

1 .

where p(x;; 8") are the predicted properties at sample x; along the ray given model parameters "
The rendering weight w; is derived from the predicted SDF s(x;; 8") at sample x; with a truncation

distance threshold tr w; = o (S(x;;et)) o (78(’;";?) )

The model parameters " are then optimized by minimizing the discrepancy between the rendered
outputs and the observations, ensuring that the learned representation aligns with the observed data.
Sparse samples are maintained on the fly as the replay buffer to store colored point cloud ¢, semantic
features f, confidence scores ¢, and binary values u indicating if the corresponding pixels have
semantic supervision. The loss function for supervising color and geometry follows the design
of CO-SLAM [30] and consists of several components: L5 losses for color and depth rendering,
approximate SDF and feature smoothness losses for improved geometry reconstruction, a free-space
loss to enforce spatial consistency, and an additional regularization term for enhanced smoothness. In
contrast to the dense observations of color and geometry, the semantic supervision is usually sparse
and unbalanced. We separate the sampling of color-geometry rays and semantic rays, where the
semantic supervision undergoes selective experience replay that prioritizes representative and valid
samples from the buffer for task-oriented optimization. For semantic loss Lg..,,, we employ a Lo
loss between the rendered semantic features and observed semantic features weighted by the task
relevance:



Table 1: Comparisons against relevant methods regarding the Top-K accuracy (7).

Method top1 tops  topig top2o  topso
CLIO [19] 9.63 1698 20.53 2456 30.12
ConceptFusion [10] 19.06 3578 4091 47.15 54.95
HOV-SG [31]] 26.62 52.62 6223 6848 77.28
OpenFusion [33] 3890 57.05 6275 6727 75.76
ProGround 43.26 61.65 67.69 73.66 81.50

Table 2: Top-K accuracy (1) with different weighting and filtering strategies.

Weighting  Filtering  top; tops  topip topzp  topso

27.01 4584 5629 67.05 79.61
39.28 59.63 6636 72.80 81.87
40.14 60.17 66.04 71.59 79.62
43.26 61.65 67.69 73.66 81.50

N X N\ X%
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For feature scale supervision, the task can be viewed as an imbalanced multi-class classification
problem, where unsupervised regions dominate and certain feature scales may be overrepresented. To
address this, we adopt the Focal Loss [17]], which down-weights easy examples and focuses training
on hard, informative ones:

K
Lucae = = (1 — pr)” I log pi, (6)
k=1

Here, K is the number of classes (i.e., scale levels plus one for "no supervision"), I, € {0,1} is the
one-hot ground-truth label for class k, and py, € [0, 1] is the predicted probability for class k. The
term o, balances class frequencies, and v controls the down-weighting strength of well-classified
examples.

S Experiments

The experiments aim to evaluate the effectiveness of our method across key aspects regarding
scene understanding. To demonstrate its semantic grounding capabilities, we assess localization
performance and memory consumption in HM3DSem by comparing against state-of-the-art baselines.
Detailed ablation studies are carried out to demonstrate the impact of different feature types, feature-
sharing strategies, and feature reshaping.

5.1 Open-Vocabulary Object Localization

Experimental Setup: The experiments are conducted on a desktop PC with an Intel Core i9-12900K
CPU and an NVIDIA RTX 3090 GPU. We follow HOV-SG [31] to select eight scenes in the
HM3DSem dataset [32], and evaluate with NYUv2 labels[26] containing 894 raw categories. For
each scene, we infer the labels of vertexes and compare with ground-truth labels.

Evaluation Details: We use Top-K Accuracy (TopK-Acc) for evaluating the accuracy, which
measures how accurately the predicted semantic labels match the ground truth within a given region.
For each vertex, we first infer its feature scale classification logits and semantic feature vector.
This semantic feature along with all candidate category text features are then passed through each
scale-specific detection head (i.e., YOLO-World’s text-contrastive heads) to compute scale-wise
classification logits. Finally, the outputs from all heads are weighted by the predicted feature scale
logits to produce the final semantic prediction. If the ground-truth label appears within the top-K



Table 3: Effect of irrelevant prompts on the Top-K Accuracy ()

Prompt Ratio  top; tops  topio top2g  topso

Task Only 43.26 61.65 67.69 73.66 81.50
+20% 4236 6091 67.87 74.76 83.48
+ 50% 40.09 60.06 6698 74.27 83.25
+ 100% 3899 5786 64.89 73.01 82.93

predicted labels, the prediction is considered correct. Top-K Accuracy is calculated as the ratio of
correctly labeled vertices to the total number of vertices.

Results: We select the following baselines: CLIO [19] introduces an online task-driven open-set 3D
scene graph representation with information bottleneck principle. ConceptFusion [[10] constructs
a dense point cloud-based map from pixel-aligned features. HOV-SG [31] proposes an offline
hierarchical open-vocabulary 3D scene graph framework that organizes scene information into floor,
room, and object concepts. OpenFusion [33]] is a voxel-based online method that grounds semantic
features through Truncated Signed Distance Function (TSDF) fusion.

As shown in Table [T} our method surpasses all baselines across all Top-K settings, demonstrating
superior vertex-wise localization accuracy. Notably, it achieves a +4.36% improvement in Top-1
accuracy over the previous state-of-the-art OpenFusion, and exceeds offline mapping method HOV-
SG. The baseline methods rely on hand-crafted cross-view associations that struggle with different
segmentation granularities. This results in fragmented instances with noisy semantics, degrading
vertex-wise accuracy. Besides, CLIO, ConceptFusion and HOV-SG follow the segment-then-encode
fashion for semantic feature extraction, which lacks hierarchical context information as mentioned
earlier. CLIO, in particular, underperforms as it associates segments only within a limited temporal
window, resulting in more fragments that lack robust feature aggregation, further reducing semantic
accuracy.

5.2 Ablation Studies

Influence of Task-relevant Scoring: Semantic weights reflect the task relevance and reliability
of samples. To evaluate the effectiveness of the weighting and filtering mechanisms in improving
semantic supervision quality, we conduct an ablation study, with results presented in Table[2] The
baseline setup uses YOLO-World model features but excludes both confidence weighting and filtering.
We then introduce confidence weighting, followed by confidence filtering with a threshold of 0.4.

The results demonstrate a significant performance boost when applying these mechanisms. Confidence
weighting alone raises Top-1 accuracy from 27.01% to 39.28%, while semantic filtering further
improves it to 40.14%. This indicates that noisy, irrelevant features significantly degrade supervision
quality, and reweighting reliable detections or filtering out outliers can yield meaningful gains.
Combining both weighting and filtering achieves the best performance across Top-1 to Top-20,
suggesting that the prompted filtering well induces task relevance and effectively enhances the
semantic grounding accuracy.

Effect of Irrelevant Prompts: To evaluate the impact of task relevancy in prompts, we conduct
an ablation study by introducing varying proportions of irrelevant labels from NYUvV2 into the
prompt list. The baseline setting consists exclusively of task-relevant labels, while the other settings
incrementally introduce a certain percentage of irrelevant labels in addition to the task labels. The
results are presented in Table 3]

The results show a clear decline in Top-1 and Top-5 accuracy as more irrelevant labels are added, with
the most pronounced drop in Top-1. This suggests that extraneous prompts introduce semantic noise,
reducing the model confidence in top-ranked predictions, though the impact diminishes at higher
K values. These results suggest that incorporating extraneous labels into the prompt list increases
ambiguity, making it harder for the model to associate scene features with the correct semantic
categories. At the same time, this may also lead the system to detect and retain more instances,
potentially improving performance under relaxed ranking criteria (e.g., Top-10 to Top-50).
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Figure 4: Semantic loss curves for different Figure 5: Map size versus Top-1 Accuracy.
sharing strategies. The fusion of coordinate, ProGround achieves best performance with
parametric, and color features accelerates con- minimal memory consumption. Its represen-
vergence, with color-coordinate fusion achiev- tation size remains relatively independent of
ing the lowest loss. scene scale, as it does not explicitly store fea-

tures.

Table 4: Top-K accuracies given different choices of the embedding space for semantic decoding.

Settings w/o Coord w/ Coord

tOpl t0p5 tOplO tOng t0p50 tOpl t0p5 tOplO t0p20 t0p50

Color 30.25 47.72 5473 62.00 72.17 4326 61.66 67.70 73.67 81.50

Geo 2341 40.11 46.64 5422 6574 4040 5956 65.67 7158 79.37
Param  18.12 30.51 3631 4299 54.14 40.63 6043 66.88 73.00 81.20
Coord - - - - - 3847 5695 63.13 69.03 78.01

Impact of Feature Space Sharing: Different hidden features influence the optimal performance that
semantic learning can achieve. As shown in the loss curve plot in Fig.[4] the hierarchical fusion of
color and coordinate features results in the lowest converged loss, indicating that this setup provides
the most effective hidden feature space for learning semantics. Solely relying on optimizable features
which will be affected by downstream tasks (i.e., color features and sparse parametric embedding)
underperforms without positional encoding (i.e., coordinate features), because positional features
provide necessary spatial cues to set apart instances. However, task-specific features are not entirely
ineffective. Hierarchically fusing deep features with coordinate features further reduces semantic
loss. This suggests that while deep features alone are insufficient for semantic learning, they provide
valuable cues that enhance performance when combined with more generalizable features from
shallow layers. We also carry out the Top-K accuracy analysis across different feature-sharing
settings, as shown in Table ] and obtain numerical results consistent with loss curve analysis.

Analysis of Memory Efficiency: We further analyze the memory consumption of the constructed
representations. Fig. 5| presents a scatter plot where each point represents the map size versus Top-1
accuracy for a single scene across different methods, illustrating the trade-off between accuracy and
memory usage. Our method achieves significantly higher accuracy while maintaining a compact
map representation and remains less sensitive to scene size by avoiding explicit storage of semantic
features. Concept-Fusion [[10], which stores dense per-point visual features, results in large map
sizes exceeding 1GB in many cases, while achieving lower accuracy. HOVSG [31], although more
memory-efficient with graph structures, still suffers from explicit feature storage. Clio (blue triangles)
maintains a small memory footprint but sacrifices accuracy due to incomplete mesh reconstruction.

5.3 ProGround for Robotic Navigation

Given goals specified in different modalities, we use CLIP encoders to extract features of the target
goals for text or image queries, as they are aligned in the same embedding space. Goal features
and vertex embeddings are passed through the YOLO-World text-contrastive head to generate class-
specific logits, which are then used to cluster vertices for precise instance-level information. Given
the queried goal locations, we extract a Voronoi graph from the dense field following [[13] for fair-safe



(a) Close-up of goals (b) Goal: sofa (c) Goal: fridge (d) Goal: bed

Figure 6: Navigation with the neural map. Given task-oriented semantics from ProGround, the
agent navigates toward goals with a path planned by Voronoi graph.

path planning. The robotic navigation is then carried out given the pre-built map, with qualitative
results shown in Fig. [f]

6 Conclusions

In this work, we introduced ProGround, a prompt-then-ground paradigm for task-aware online neural
implicit mapping. By prioritizing task-relevant, high-confidence features, our method mitigates
semantic noise and ambiguity while maintaining a compact and queryable scene representation.
Unlike traditional segment-then-encode approaches, ProGround refines the data distribution into a
highly task-oriented one, ensuring more reliable feature grounding.

Our approach achieves state-of-the-art vertex-wise semantic accuracy in the Habitat-Sem[32]] dataset,
even surpassing some offline methods, while maintaining memory efficiency through implicit encod-
ing. Extensive ablations showcase the impact of introducing task-awareness into mapping, validate
our architectural design, highlighting the effectiveness of feature sharing for online convergence. We
also demonstrate the applicability of ProGround to robotic navigation.
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