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Abstract

3D scene understanding has been transformed by open-vocabulary language models
that enable interaction via natural language. However, at present the evaluation
of these representations is limited to datasets with closed-set semantics that do
not capture the richness of language. This work presents OpenLex3D, a dedicated
benchmark for evaluating 3D open-vocabulary scene representations. OpenLex3D
provides entirely new label annotations for scenes from Replica, ScanNet++, and
HM3D, which capture real-world linguistic variability by introducing synonymical
object categories and additional nuanced descriptions. Our label sets provide
13 times more labels per scene than the original datasets. By introducing an
open-set 3D semantic segmentation task and an object retrieval task, we evaluate
various existing 3D open-vocabulary methods on OpenLex3D, showcasing failure
cases, and avenues for improvement. Our experiments provide insights on feature
precision, segmentation, and downstream capabilities. The benchmark is publicly
available at: https://openlex3d.github.io.
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Figure 1: The OpenLex3D evaluation benchmark enables more detailed analysis of open-vocabulary 3D
scene representations than closed-vocabulary evaluation methods. We compare the same open-vocabulary
representation when assessed under closed-vocabulary semantics (left) and using OpenLex3D labels (right). In
contrast to closed-vocabulary methods where a prediction must match the exact ground truth label, OpenLex3D
provides a manifold of label categories of varying precision: synonyms being the most precise; depictions, which
include, e.g., printed images on objects; visually similar, which refer to objects with comparable appearance;
and clutter, which accounts for label perturbation due to imprecise segmentation.
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1 Introduction

3D scene understanding is a key capability enabling embodied agents to perceive, interpret, and
interact with the physical world. An effective scene representation should generalize across diverse
indoor and outdoor environments (3). The introduction of visual-language models such as CLIP (2 1)
and LLaVa (15) has transformed this field, allowing objects to be labeled using free-form semantics
rather than being constrained to a closed-set of object categories. This has motivated the incorporation
of open-vocabulary vision-language models in 3D scene understanding (3 1; 6; 28; 14; 12; 20; 16; 9)

Evaluating closed-set semantics is relatively straightforward—the predicted class label of each point-
wise prediction either matches the point’s ground truth label or does not — as shown in Fig. 1.
In contrast, assessing the performance of open-vocabulary models is more challenging and is not
yet well defined by a benchmark. Published works on open-vocabulary representations (31; 28)
have typically used closed-set semantic segmentation labels and metrics—despite this underlying
mismatch. This defeats the purpose and flexibility of open-vocabulary predictions by constraining
the model assessment to a limited set of evaluation labels (28; 19).

We argue that relying on closed-set evaluation overlooks the nuance of real-world language labeling,
which is rarely constrained to a single label per object. For example, a couch might also be referred
to as a “sofa” or “seating”. Prior work has proposed using existing ontologies like WordNet (a large
English language lexical database) (1) to mitigate these ambiguities in language benchmarks, though
differentiating between similarities and associations remains an open question (8). Several methods
have sought to evaluate downstream performance by focusing on tasks such as visual question
answering and object retrieval (4; 34; 5). However, this only provides sparse estimates of the overall
fidelity of the underlying scene representation.

In this work, we aim to overcome these limitations by introducing OpenLex3D, a novel benchmark for
evaluating open-vocabulary scene representation methods. OpenLex3D introduces four different label
categories of description precision: synonyms, depictions, visual similarity, and clutter. We use the
categories to evaluate the performance of a method in capturing the correct labels (synonyms) while
also diagnosing different types of misclassification. Our benchmark is implemented by relabeling
scenes from three widely used indoor RGB-D datasets with a new set of human-annotated ground
truth labels. Our label sets contain between 300 and 1200 unique labels per scene and have 13 times
more labels per scene than the original datasets. To summarize, we make the following contributions:

1. We introduce a new labeling scheme where each object is described by multiple free-form
text labels organized into four categories of different linguistic levels of precision.

2. We provide OpenLex3D labels for a total of 3812 objects from Replica (27), Scannet++ (35)
and Habitat-Matterport 3D (22). Each object has been labeled by four human annotators.

3. We propose two evaluation tasks building on the OpenLex3D labels: tiered semantic
segmentation and object retrieval—including newly proposed metrics reflecting performance
at the different precision levels introduced. Our prompt lists for segmentation contain up to
3500 labels per dataset and our retrieval query set contains up to 1500 queries per scene (see
Tab. 1), enabling comprehensive evaluation of several state-of-the-art 3D open-vocabulary
methods.

4. We make the OpenlLex3D toolkit and ground truth data publicly available at:
https://openlex3d.github.io.

2 Related Work

Open-Vocabulary Scene Representations: The recent development of Visual-Language Models
(VLMs) has motivated their integration in both object-centric and dense map representations:

Object-centric representations explicitly factorize scene geometry as a set of 3D objects and represent
semantic information as object-level open-vocabulary features from vision-language encoders such
as CLIP (21). Methods typically derive object features by fusing features from multiple views using
various strategies (1 1). This makes them a compact representation for embodied Al applications
that involve object-level understanding and interaction, such as object retrieval. Methods such as
OpenMask3D (28) first determine candidate objects using instance segmentation and then assign
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No. of Labels  No. of Labels No. of Sem. Seg.

No. of  No. of Unique No. of Unique No. of No. of Total Number

Dataset  ScemeName  o0is  Orig, Labels  OL3D Labels P"(gge“ "e('l\?:;)e“ A'S:}i‘:;“s P’°‘g‘52'“‘“ S Queries  S+D Queries  of Queries
room0 92 28 478 6 3 6 1150 236 373 609
rooml 52 24 297 14 2 0 1150 164 93 257
room2 61 21 336 15 27 1 1150 165 122 287
Replica officel 57 24 352 13 25 7 1150 195 211 406
officel 3 2 202 1 30 4 1150 163 70 233
office2 68 21 391 14 30 3 1150 208 87 205
office3 83 26 409 14 27 2 1150 211 12 33
officcd 55 16 330 14 28 2 1150 176 122 208
49282360ma 127 m 707 13 32 i 3407 433 409 842
Ificbbddel 154 55 1187 14 35 0 3407 629 782 1411
Badseficfe 97 3 575 1" 30 I 3407 303 532 835
ScanNess  0AT6C0G4T8 110 41 750 13 26 i 3407 356 1068 1424
4c5c60fa76 295 62 1110 12 25 0 3407 633 864 1497
OaTccl2cOe 134 60 654 8 17 0 3407 377 169 546
COf5742640 131 49 730 12 23 0 3407 414 488 902
fd361abssf 79 36 454 12 30 1 3407 250 137 387
000824 307 7 204 5 12 3 2350 340 173 513
000829 170 71 500 8 2% 8 2350 372 293 665
000843 234 67 514 7 19 63 2350 367 98 465
HM3D 000847 306 69 521 6 18 2 2350 424 128 552
000873 345 102 935 1" 38 39 2350 623 945 1568
000877 345 139 831 10 3 34 2350 569 518 1087
000890 167 107 829 8 2 2 2350 624 216 840

Table 1: Summary of the OpenLex3D labels, segmentation prompt lists, and object retrieval queries per
scene across all categories. OL3D stands for OpenLex3D, S stands for synonyms and D for depictions. The
total number of labeled objects across all scenes is 3812, with as many as 38 unique labels for an individual
object. HM3D has the highest number of difficult-to-classify (ambiguous) objects. Our label sets provide 13
times more labels than the original datasets per scene. We also provide label distributions in Supp. Sec. E.

CLIP embeddings to each object instance. A similar approach has been followed by open-vocabulary
scene graph methods, which use the object vocabulary instances as graph nodes, and then extend
the nodes with edges that encode relationships or affordances, which can also be obtained by
means of a VLM such as LLaVa (15) or GPT-4V (33). Open-vocabulary scene graphs include
ConceptGraphs (6), HOV-SG (31), Clio (17), and Open3DSG (14).

Dense representations instead yield dense open-vocabulary feature embeddings for every point in a
scene. The underlying geometric representations include voxels and point clouds, or more recently,
neural fields or Gaussian splats. These methods include OpenScene (19) and ConceptFusion (10)
and produce dense point cloud maps, where each point stores an open-vocabulary embedding. More
recent work uses radiance fields to encode open-vocabulary features including LERF (12), VL-
Fields (29), and CLIP-Fields (26). This enables the rendering of photo-realistic novel views with
pixel-wise open-vocabulary feature labeling. Similar ideas have also been used with 3D Gaussian
representations, namely LangSplat (20), semantic Gaussians (7), and OpenGaussian (32).

Evaluating Open-Vocabulary Representations: Recent works focus on two tasks to evaluate
open-vocabulary 3D representations: semantic segmentation and object retrieval given a text query.

Semantic Segmentation: Open-vocabulary 3D representations can achieve class prediction by compar-
ing their features with a prompt list to output the top-ranking class for every point, and then rely on
conventional segmentation metrics for evaluation. Common datasets include ScanNet++ (100 classes
for evaluation) (35) and Replica (101 classes) (27). More recent benchmarks such as OpenScan (36),
expand the original label sets to include attributes such as property or type. Most of these attributes
are derived using an NLP knowledge graph. Additionally, these approaches do not take into account
the nuance of real-world object labeling, where multiple correct labels are possible.

Object Retrieval: An object-centric representation can serve as a retrieval system by returning objects
sharing similar features with a user-specified text query. We treat retrieval as an instance segmentation
task, while another line of work focuses on bounding-box regression (2; 30). The flexibility of the
task makes it challenging to automate evaluation, and previous query results do not cover all scene
objects. ConceptGraphs (6) evaluates recall for 60 queries, while OpenScene (19) visually verifies
retrieval results for 11 classes. Automated evaluation is possible when narrowing the scope of the
queries to class labels (28; 10) at the cost of query diversity. The first OpenSun3D (5) workshop
challenge provides replicable retrieval evaluation on multiple scenes but is restricted to 25 queries.

In contrast, OpenLex3D overcomes these challenges by providing an extensive set of human-annotated
labels for each object. These labels account for natural variability in language and are categorized
in terms of description specificity. We complement our benchmark with two novel segmentation
metrics to explore both the top predictions and the complete ranking of the prompt list. In addition,
we leverage the OpenLex3D category labels to procedurally generate hundreds of queries per scene as
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Synonyms | bedcover, bedding,
bedsheet, duvet ...

dot, dots, floral,
Depictions florals, flower, flowers,
polka dots...

Figure 2: OpenLex3D label example on ScanNet++ (35). We provide not only synonyms for the object but
also labels for various potential failure cases, including depictions visible on the target object (e.g., flower prints),
visually similar objects (e.g., blanket), and surrounding clutter (indicated by the IDs of the neighboring objects).

part of an automated benchmark. Our queries cover all scene objects and include specific information
such as motifs, cultural references, and brands.

3 The OpenLex3D Benchmark

Our benchmark consists of multiple ground truth labels for each object that are categorized into
different levels of specificity. Those category levels are arranged hierarchically and thus allow us
to identify potential classification failure cases and to analyze why they occur. The tiered category
approach is inspired by SimLex-999 (8), which attempted to assign more accurate similarity scores
between word pairs by carefully distinguishing between similarities and associations or relatedness.
The four categories we consider, in decreasing order of description specificity, are:

Synonyms: This category includes the primary labels for the target object as well as any other equally
valid label. For instance, “glasses” and “spectacles”.

Depictions: Labels in this category describe any images or patterns depicted on the target object. For
example, if a pillow features an image of a tree, the label “tree” would fall under this category.

Visually Similar: This includes objects that appear to be visually similar to the target objects and
are likely to be confused for it. For example, visually similar terms for “glasses” could include
“sunglasses” or “goggles”.

Clutter: This category covers nearby or surrounding objects. Surrounding object features may "leak"
into the features of interest due to 1) co-visibility in the same RGB frames and/or 2) incorrect merging
in object-centric representations. This is the only category not defined by text labels but by object
IDs pointing to neighboring objects in 3D.

We visualize an example of these categories in Fig. 2. An ideal 3D scene representation would
generate high-scoring predictions that fall exclusively under the synonym category. However, in
practice, most representations yield predictions distributed across all categories, therefore providing
insights into different failure modes. For example, a representation yielding many predictions in
the clutter category may indicate erroneous under-segmentation or merging of objects such as small
items on tables. Conversely, a representation with many predictions in the visually similar category
might point to issues with the open-vocabulary model itself or the feature-merging strategy used,
suggesting a failure to differentiate between visually similar but non-synonymical objects.

We employ nouns (including multiple word labels such as “sofa cushion”) for our ground truth labels
to reduce the ambiguities of sentences and captions. For instance, sentence embedding models (23)
are sensitive to variations in word order and struggle to distinguish between sentences with similar
structures but different meanings. By using diverse nouns, we can still capture semantic similarities
without introducing such challenges.

3.1 Label Acquisition and Processing

To implement the benchmark, we create an entirely new set of semantic labels for scenes from three
prominent RGB-D datasets (see Supp. Sec. C for additional details):
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Replica (27) consists of a set of high-quality reconstructions of indoor spaces, including offices,
bedrooms, and living spaces. We use eight scenes (room0-room2 and office0-office4) and utilize the
camera trajectories provided by NICE-SLAM (37).

ScanNet++ (35) is a large-scale dataset of a variety of real indoor scenes. Each scene provides
laser scanner-registered images from a DSLR camera and RGB-D streams from an iPhone. We
use the RGB-D iPhone images, along with their associated poses (metrically-scaled COLMAP (25)
trajectories) from eight scenes.

HM3D (22) consists of high-resolution 3D scans of building-scale residential, commercial, and civic
spaces. We use the trajectories generated by HOV-SG (31) and obtain RGB-D images as well as
semantic ground truth across seven scenes of the Habitat-Matterport 3D Semantics split.

The goal of OpenLex3D is to provide a set of high-quality human-annotated labels for evaluation on
commonly used scenes, rather than prioritizing a large quantity of scenes for training purposes.

3.1.1 Annotation Process

To generate the labeling data, we first obtained a set of representative images for each ground truth
object instance using a method similar to that described in OpenMask3D (28). For each object
instance in the ground truth point cloud, we re-projected its 3D points to the camera plane for labeling.
These projected 2D points were used to define a bounding box that encloses the object in the image.
Additionally, we used the projected points to generate a Segment Anything (SAM) (13) mask, which
provided guidance for the annotator on the object to be labeled.

The annotators were required to fill in responses for the first three categories only (synonyms,
depictions, and visually similar), and each object in every scene was labeled by four different
annotators. The full instructions given to the annotators are included in Supp. Sec. D. In addition, we
illustrate the annotation interface in Supp. Fig. 7. The clutter category was filled in post-processing
after the annotation process (see Sec. 3.1.2).

We recruited annotators of varying backgrounds and professions from four different countries. As
such, we opted for direct recruitment instead of relying on third-party platforms such as Amazon
Mechanical Turk (MTurk), which was shown to yield a significant number of incorrect labels (24).

3.1.2 Label Post-processing

After obtaining the labels, we curated them to correct spelling errors and eliminate invalid responses.
The reviewing process followed these conventions: 1. If the same label occurred in multiple categories,
it was assigned to the lowest (least specific) category. 2. If there was significant disagreement in
the synonyms category for the target object, the object was kept but flagged as “ambiguous” to
indicate that it was difficult to recognize. 3. Variations such as plurals and differences in spacing
were permitted and remained unaltered (e.g., “shelves” and “shelf” or “counter top” and “countertop”.
Regarding the clutter category, we identified nearby or surrounding objects based on their 3D
Intersection over Union (IoU). We used the Objectron (1) implementation to estimate bounding boxes
and compute the IoU. Any neighboring objects with an IoU greater than 0 with the target object were
assigned to the clutter category.

3.2 Evaluation Methodology

We propose two tasks to evaluate open-vocabulary 3D scene representation methods: a semantic
segmentation task and an object retrieval task.

3.2.1 Task 1: Tiered Open-Set Semantic Segmentation

In the first task, we evaluate the point-level open-vocabulary features stored in a representation using
our category-based ground truth. For every 3D point p in the ground truth, benchmarked methods
must predict a language-aligned feature vector that can be compared with the label features of a
prompt list £ using the cosine similarity, yielding a ranked list £ per point p.

We use separate prompt lists for each dataset. Each prompt list consists of the unique labels across all
categories, objects, and scenes from a given dataset, and contains between 1,000 and 3,000 unique
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Figure 3: Top-N Frequency and Set Ranking metrics illustration. (a) Top-N Freq. measures whether any
of the top-N responses contain a label from category C. (b) Set Ranking evaluates the ranking of responses,
assessing how closely the predicted rankings align with ideal rankings of categories.

labels each (Tab. 1). This mitigates the problem of positive bias toward the correct labels (11). To
evaluate the performance of a method, we introduce two metrics: Top-N Frequency and Set Ranking.

Top-N Frequency at Category: In our setting, each ground truth object is assigned multiple and
unique labels. This makes direct application of standard mloU infeasible (for more details see Supp.
Sec. B). To address this, we define a new metric that characterizes the proportion of 3D points that
are classified into a given category C' within a scene. Our metric is defined as

7y = |<9|Z =S =€), (1)

0c0® ° pEo

where 1(-) is the indicator function. We normalize by the number of points n, in any given ground
truth object o € O to ensure that the metric is not skewed by objects with a large number of points.
C assigns a category based on L7\, — the top-N most similar labels in £? (Fig. 3 a))— and the
OpenLex3D categories for p. This helps to mitigate any inconsistencies in the ground truth labels
(Supp. Sec. H.1). Specifically, C' predicts synonym if £}, ; includes a synonym, depictions if LY
includes a depiction but no synonyms and visually similar if £? LN includes a visually similar label

but no synonyms or depictions. Absent the first three categories, C predicts clutter if £V, includes a
label that falls into any category of a neighboring object. If a method omits to predict some features

for a ground truth point, C' returns missing.

Set Ranking: Our second metric assesses the distribution of the label-feature similarity of each
point in the scene representation. For this, we quantify the mismatch of the responses when compared
against an ideal tiered ranking of category sets. We establish synonyms (S) as the first-rank set,
while depictions and visually similar are considered as a joint second-rank set (DV'S). Within both
sets, we do not assume any label ordering as each label within a category set y € V2 is equally
explanatory. The size of the sets is determined by the number of corresponding labels in the ground
truth categories for each point as shown in Fig. 3(b). We only consider matched pairs of points
between ground truth points p € P and predicted points, yielding P, thus not evaluating missing
or falsely predicted points. Our proposed metric is computed for each point p € P, and its ranked
predictions £? in the predicted point cloud P,. We sort the ground truth labels according to the ideal
set ranking (synonyms first, then depictions and visually similar) and obtain left and right ranking
bounds for each set, b’ and b¢, where C' denotes the category type (S or DV S). We then compute a
rank score s; for each prediction ¢, as a function of its rank r; compared to the ground truth bounds:
b¢ —v¢

s(r;) = min (1 + min (0, sz%), 1 — max (0, |L'P| )) )

If the prediction falls in the correct category set, we obtain s(r;) = 1.0, and s(ri) < 1.0 otherwise.
The rank scores are then used to determine the set inlier rates Rg and Rpy g as:

| VeI

fie = |7>\Z wz =V )
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Figure 4: Top-5 Freq. results for category classification for OpenMask3D (28), ConceptGraphs (6) and
ConceptFusion (10) colored by category class. Object-centric methods that segment in 3D, like OpenMask3D
(top), often miss points due to generalization or depth quality issues. Those merging 2D segments tend to merge
smaller ones, leading to misclassifications (middle). Dense representations, such as ConceptFusion, produce
noisier predictions due to point-level features aggregating information from various context scales. In the highly
cluttered environments of ScanNet++ (35), all evaluated methods show reduced performance.

where | V7| denotes the number of labels per point p € P, for the particular set C (S or DV'S). In
addition, we compute penalty scores that constitute inverse set ranking scores quantifying underscor-
ing of synonyms and both under- and overscoring of the labels within the DV S category set. Those
are defined as Pg , Ppy-g, and Ppy,,. As formalized in Suppl. Sec. F, they quantify the degree to
which the score distribution falls short of satisfying the underlying box constraints and thus go from
zero (low penalty) to one (high penalty). Lastly, we also report a mean ranking score m R, defined as:

W§+Dvs‘

> s ], )

%

1 1

mR = —— T
|Px] v, Vi pvsl

where [V, 5 g/ is the number of elements in the ground truth sets S and DV'S for each point p.

3.2.2 Task 2: Open-Set Object Retrieval

The object retrieval task involves segmenting object instances that correspond to a given text-based
query in a similar manner to the OpenSun3D Challenge (5). Here, methods must predict a set of
objects, each described with a 3D point cloud and an object-level language-aligned feature vector.
For query generation, we use the synonyms in the OpenLex3D label set, along with combinations of
synonyms and their associated depictions using the template “[depiction] [synonym]". The resulting
queries include references to motifs (“polka dots duvet cover”), specific characters (“ironman portrait")
and brands (“nike athletic sneaker"). The number of queries ranges from 200 to 1,500 per scene. For
evaluation, we use the Average Precision (AP). We report A P5 (IoU of 50%), A Pa5 (IoU of 25%),
and mAP scores averaged over the IoU range of [0.5 : 0.95 : 0.05].

4 Experiments

In this section, we present a benchmark evaluation of four state-of-the-art object-centric methods and
two dense methods across two tasks: semantic segmentation and object retrieval. Implementation
details for each method are provided in Supp. Sec. G. We exclude floors, ceilings, and walls
from our evaluation and downsample the point clouds to a resolution of 0.05 m using voxel-based
downsampling. We use the ViT-H-14 CLIP backbone for all methods except OpenScene, which uses
the ViT-L OpenSeg backbone.

4.1 Open-Set Semantic Segmentation

Top-N Freq.: We report the Top-5-frequency F—5 in Tab. 2. The frequencies at 1 and 10 are
provided in Supp. Sec. H.1. Top-down views of a selection of the output point clouds colored by
category are presented in Fig. 4. Examples of specific predictions are shown in Fig. 5.



245
246
247
248
249

251

252

254
255
256

257
258
259
260
261
262

263
264

266
267

268
269
270
271

272
273
274
275
276
277

Data Method St Dl VSl Ccl M| | I{

Method: ConceptGraphs (6) 041 001 0.1 024 002 022
ConceptGraphs ConceptGraphs (GPT) (6) 047 0.03 0.5 021 002 023
Pred.: table §  HOV-SG (3]) 045 0.00 005 027 007 0.6

R B Kassab2024 (11) 026 0.00 006 026 0.12 030

Cat.: synonyms 2 OpenMask3D (28) 043 001 007 029 010 0.0
ConceptFusion (10) 032 001 0.09 016 0.00 041

OpenScene (19) 044 000 0.06 030 007 0.3

Method: ConceptGraphs (6) 026 002 005 010 0.13 044
ConceptFusion + ConceptGraphs (GPT) (6) 043 0.01 0.04 0.11 0.13 028
Pred.: sky £ HOV-SG(31) 040 002 004 016 008 030
Cat.: depicti Z  Kassab2024 (11) 01T 0.00 003 0.17 038 031
at.. depiction S OpenMask3D (28) 027 001 003 029 013 027
@ ConceptFusion (10) 029 0.01 003 0.08 004 0.54

OpenScene (19) 0.16 0.00 002 023 022 036

ConceptGraphs (6) 027 0.02 0.03 0.2 008 047

Method : ConceptGraphs (GPT) (6) 045 0.01 004 0.11 009 031
Kassab2024 2  HOV-SG () 033 002 004 018 008 036
Pred.: picture frame S Kassab2024 (11) 019 001 001 0.5 023 041
Cat.: T OpenMask3D (28) 031 001 003 0.3 026 026
. ConceptFusion (10) 023 001 0.03 0.09 008 057
OpenScene (19) 0.18 0.00 002 0.16 006 059

Figure 5: Example predictions and categories. We Table 2: Freq. Top 5 Results for Object-Centric
show a correctly predicted label (top). Depictions han- and Dense Representations. S is the frequency of
dles cases in which the image depicted on an object synonyms, D is depictions, VS is visually similar, C is
is mistaken for the object itself (middle). The visually clutter, M is missing, and [ is incorrect. Optimal per-
similar category handles reasonable but unprecise pre- formance would be a 7 score of 1 while achieving a
dictions (bottom). F score of 0 for all other categories.

As shown in Tab. 2, ConceptGraphs (GPT) is the top-performing method in the synonyms category.
The GPT prompt generates precise descriptions of the target object, which is then encoded into a
highly specific text embedding using the CLIP text encoder. In contrast, the CLIP image encoder,
used by other methods, encodes both object-related and broader contextual information from the
image, making it more prone to confusion due to visually similar labels or depictions. HOV-SG
achieves the next best results. In general, dense methods yield noisier predictions as they use per-pixel
features (Fig. 4 and Fig. 5 (middle)).

Regarding depictions and visually similar categories, OpenScene and Kassab2024 consistently yield
the best results. This may stem from their distinct feature association strategies. OpenScene, unlike
ConceptFusion, relies solely on per-pixel embeddings without relying on global or region-level
merging strategies. Similarly, Kassab2024 selects a feature for each object using Shannon entropy
without feature merging. This may preserve feature granularity and reduce classification confusion.

The clutter category has worse frequency results across all methods, suggesting that crop scaling
and/or segmentation is critical in improving overall classification performance. This is also appar-
ent in the missing category. Methods that perform initial segmentation in 3D (Kassab2024 and
OpenMask3D) tend to have more missing points compared to those that segment at an image level
(ConceptGraphs and HOV-SG). In general, most methods struggle with ScanNet++ and HM3D,
indicating that cluttered, real-world environments still pose challenges for all approaches.

Set Ranking: In Tab. 3, we report set ranking results. In general, the mean results are high, suggesting
that synonyms tend to score higher in the predicted ranks, and that depictions and visually similar
labels generally score below synonyms, described as the ideal ranking in Sec. 3.2.1. We observe
that across all three datasets, HOV-SG (3 1) and ConceptGraphs (0) yield consistently high mean set
ranking scores, while OpenScene (19) and OpenMask3D (28) achieve worse results on ScanNet++.

Furthermore, we observe high Rg scores for ConceptGraphs (GPT), similar to the top-5
frequency F ]‘?,:5, again suggesting that the text embeddings generated from GPT captions are highly
specific compared to CLIP image encodings. However, ConceptGraphs (GPT) also consistently over-

scores the depictions and visually-similar categories (high PD_{/ <) while also underscoring synonyms

compared to the remaining methods (high PSF). This implies that multi-view aggregation of CLIP
predictions, as executed by HOV-SG, OpenMask3D, and ConceptGraphs, better approximates the
desired set distribution compared to GPT predictions, which yields rather stochastic hits resulting
in high Rg scores. As demonstrated, our proposed set ranking evaluation sheds light on non-top-
performing scores and quantifies the underlying score distribution compared to the Top-N-frequency
metric.



278

279

281
282
283
284
285

287
288

290
291
292

293

294
295

297
298
299

300

301
302
303

305
306
307
308

Data Method mR*T | Rst Pg | Rpvst Ppys! Ppysd
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Table 3: Set Ranking Evaluation. For mR, Rs, Rpys UeSare reported in percentage (%). NMS stands

being the mean score and the respective inlier rates, higher is for Non-maximum Suppression and is used to
. . . +~  select object masks in the OpenMask3D (28)

better. For the underscoring and overscoring penalties Pg |, pipeline

P[i/ Ss PD_‘T, 5, lower is better.

4.2 Open-Set Object Retrieval

We report AP results in Tab. 4. Overall AP is low and in line with comparable benchmarks (5),
highlighting the challenges of this task and the potential for improvement. OpenMask3D (with Non-
Maximum Suppression and access to clean mesh inputs) leads the Replica and ScanNet++ metrics
but fails to generalize to the larger HM3D scenes, where ConceptGraphs is the top-performing
method. The performance of most methods significantly increases when queries include depiction
information—a fact that can be directly observed in Supp. Fig. 14, where we provide separate metrics
for synonym queries and synonym-depiction queries. The performance improvement is less noticeable
in the case of ConceptGraphs (GPT), a possible sign that short image captions tend to prioritize
synonyms. Those results emphasize the importance of a benchmark supporting queries for every
object in a scene to prevent bias towards objects with prominent imagery.

For a more thorough analysis, we further report the queried object ranks in Supp. Fig. 15, with
separate counts for queries with no predicted match at IoU .25. For a significant number of queries,
methods fail to output predicted instances that significantly overlap with the ground truth. Properly
segmenting instance geometry remains challenging for all considered methods.

5 Limitations

While our benchmark offers a comprehensive set of ground truth labels across diverse 3D scenes,
it has certain limitations. Our label set does not account for additional object properties such as
affordances, material, and color. It is restricted to the segments provided in the original RGB-D
datasets, often omitting smaller parts of a larger object such as cupboard handles or sofa cushions.
Our object retrieval query set inherits the same limitations and is generated using a simple template
that could warrant further investigation.

6 Conclusion

We introduced OpenLex3D, a new benchmark for open-vocabulary evaluation that captures real-
world language variability. Our benchmark includes human-annotated labels for three RGB-D
datasets—ScanNet++, Replica, and HM3D—providing 13 times more labels per scene than the
original annotations. We categorize our labels into multiple tiers of specificity, allowing for more
nuanced evaluation. We assess the performance of both object-centric and dense representations
on two key tasks: semantic segmentation and object retrieval. Our evaluation shows that no single
method performs well across both tasks, indicating that there is scope for future improvement,
particularly within feature fusion and segmentation strategies.
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B Limitations of Standard Semantic Segmentation Metrics

In this section, we elaborate on why standard semantic segmentation metrics such as mloU become
inadequate when dealing with larger label sets and open-vocabulary features. Although mloU remains
the prevailing metric in open-vocabulary semantic segmentation—where ground truth object labels
are used as prompts—it struggles to remain informative as the label space expands. In Fig. 6, we
compare the mIoU scores of five different methods using the original Replica ground truth labels
(101 labels for all scenes) versus an extended set (759 labels for all scenes). The extended set of
labels additionally contains all the depictions and visually similar OpenLex3D labels. As such, we
injected plausible labels but not precise labels that capture failure modes of the actual prediction
methods. In this way, we can study to which degree methods are subject to label perturbation and do
not predict the actual intended label. The results show a marked drop in mIoU performance when
these additional, plausible but imprecise labels are introduced. This reveals a key limitation: the
methods are sensitive to the presence of such labels. A conventional segmentation evaluation with
mloU and a short prompt list fails to capture this nuance. As a result, it offers limited insights into
feature quality and does not help in diagnosing specific failure modes.

Mean loU Comparison on Replica

20.0 4 EEE Original GT Labels
B Robustness Check
17.5 4
15.0 4
12.5 1
10.0
7.5
5.0
2.5 1
0.0

Concept-Fusion Concept-Graphs HOVSG Kassab2024 OpenMask3D

mloU (%)

Figure 6: Mean IoU comparison on five different methods on Replica. We show the effect on mIoU when
using the original ground truth prompt lists (101 labels) vs an extended prompt list (759 labels).

C Datasets - Further Details

In this appendix we provide details about the scenes selected from the parent datasets and their type
(Tab. 5). Our goal was to include a diverse range of environments, covering various home and living
spaces of different scales, as well as office and laboratory spaces.

D Labeling Instructions

We depict an example of the labeling interface employed when labeling a single object instance of
the Replica dataset in Fig. 7.
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Dataset Scene ID Scene Type
0a76e06478 Bedroom
Oa7ccl2c0e Studio apartment
1f7cbbddel Studio apartment

ScanNet++ 49a82360aa Living area & office
4c5c60fa76 Lab room
8a3Sef3cfe Living area & kitchen
c0f5742640 Kitchen
fd361ab85f Office
00824-Dd4bFSTQS8gi Single-story home
00829-QaLdnwvtxbs Single-story home
00843-DYehNKdT76V ~ Two-story home

HM3D 00847-bCPU9suPUw9  Three-story home
00873-bxsVRursffK Two-story home
00877-40k3usBNeis Two-story home
00890-6s7QHgap2fW  Two-story home
office0 Meeting room
officel Common room
office2 Meeting room

. office3 Meeting room

Replica 0%C64 Meetini room
room0 Living room
rooml Bedroom
room2 Dining room

Table 5: Full list of chosen scenes and scene types. The scenes are from a variety of environments including
studio apartments and multi-storey homes, offices, meeting rooms, and labs. All scenes are available for
non-commercial research purposes. See the Replica Research Terms, the HM3D Terms and Conditions and the
ScanNet++ Terms of Use.

The instructions provided to the human annotators were as follows:

You will be presented with multiple views of an object. We removed the background in the top left
view to highlight the relevant object. Please label the object according to the following three category
system:

Synonyms. Assign the most accurate label for the object, along with any closely related synonyms.
For example:

- sofa, couch, settee

- screen, monitor, computer

- glasses, spectacles

For bottles and containers, consider adding both the content and a reference to the container. For
example: ketchup, ketchup bottle

Depictions. If the object features a distinct pattern, image, or design of another object or concept,
label it accordingly. For example, if you see a painting, figurine or toy representing a cat or a book
on cats, you might use:

- cat

You can also add to this category legible words or brands.

Visually Similar Objects. ldentify objects that are not synonyms but appear visually similar to the
highlighted object. Consider objects of similar color or shape. Visually similar labels should be
wrong, but have an understandable visual connection with the displayed object.

Examples corresponding to the objects mentioned in Synonyms might include:
- chair, armchair

- television

- sunglasses, goggles

Notes:
- Please separate each input with a comma (,).


https://github.com/facebookresearch/Replica-Dataset/blob/main/LICENSE
https://matterport.com/legal/matterport-end-user-license-agreement-academic-use-model-data
https://kaldir.vc.in.tum.de/scannetpp/static/scannetpp-terms-of-use.pdf
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- You can use multiple words as a label. Please separate words belonging to the same label with a
space (). For example “coffee mug” or “ice cream”.

- You are encouraged to input as many appropriate labels as you can think of for each level.

- If you cannot think of any appropriate labels for any level, simply leave that level blank.

- You can leave all levels blank.

Additional Notes for ScanNet++ Scenes:

- Some crops may show a magenta mask to protect privacy. Please ignore it.

- If a crop covers multiple objects, please list them separately. If there are too many objects, focus on
the main ones.

- If the relevant object(s) is unclear because the crops are too blurry or showing different objects,
please leave all the fields blank.

Image Attributes

Synonyms

Depictions

Visually Similar

Figure 7: The segments.ai web interface showing an example provided image. The top left image is
segmented using SAM (13) and aims to highlight the intended object for labeling more clearly to the annotator.
The other images provide additional context.

E Label Distributions

Tab. 1 provides a breakdown of the number and variety of labels present in each dataset as well as
the size of the prompt lists used for the semantic segmentation task and the number of queries in the
object retrieval task.

The labels captured in the dataset encompass a broad range of semantically similar terms, such as
“pillow” and “cushion”, or “sofa” and “couch”. By incorporating this large range of synonyms, our
benchmark aligns well with real-world variability in object naming. This allows for a deeper level
analysis and evaluation of open-vocabulary representations. We show the distribution of the synonyms
category for Replica in Fig. 9, ScanNet++ in Fig. 10 and HM3D in Fig. 11. We also show a visual
example of a subset of words connected to the label desk in Fig. 8. The edges are added between
words that appear as labels for the same object regardless of category. We also show additional edges
added between words that appear often within the same category.

A computer d.
esk
e @ desk top i
desktop station
table .
tabletop
computer .
i meetin
desk worktable tableg
office
chair des_k
chair
. writing
table
chair . . s .

ergonomic work desk office
chair d
desk esk

Figure 8: A subset of the labels connected to the word desk in the OpenLex3D synonym label set. Our
labels encompass the diversity of real-world object names, allowing more realistic evaluation of open-vocabulary
representations.
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(b) OpenLex3D Top 100 Synonym Distribution for the Replica Dataset

Figure 9: Replica Label Distribution. We show the label distribution for (a) all labels in the synonyms category
(a total of 673 unique synonyms across all scenes) and (b) the top 100 labels in the synonyms category. The y axis
is plotted as a log scale and only the head and tail labels are shown for the full set of synonyms for readability.



102 -

—
o
—

Adusanbaly

100 ]

beverage container

wall

(a) OpenLex3D Synonym Distribution for the ScanNet++ Dataset
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(b) OpenLex3D Top 100 Synonym Distribution for the ScanNet++ Dataset

Figure 10: ScanNet++ Label Distribution. We show the label distribution for (a) all labels in the synonyms

category (a total of 2154 unique synonyms across all scenes) and (b) the top 100 labels in the synonyms category.
The y axis is plotted as a log scale and only the head and tail labels are shown for the full set of synonyms for

readability.
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(a) OpenLex3D Synonym Distribution for the HM3D Dataset
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(b) OpenLex3D Top 100 Synonym Distribution for the HM3D Dataset

Figure 11: HM3D Label Distribution. We show the label distribution for (a) all labels in the synonyms category

(a total of 1789 unique synonyms across all scenes) and (b) the top 100 labels in the synonyms category. The
y axis is plotted as a log scale and only the head and tail labels are shown for the full set of synonyms for

readability.
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F Additional Details on Set Ranking Metric

In the following, we formalize the left and right box constraint penalties which were mentioned in
Sec. 3.2.1. As the synonyms are considered the primary target-rank set, we only need to consider a
violation of its right box constraint due to potential underscoring of synonyms, which is formalized
as:

1VE]

RE™ =1 - Z 1p (1 + min (0, T_Sbf)> , 5)
IP*\ Vsl b;

where V%, represents the set of synonym labels of each object p € P.. Similarly, we compute the left
and right box-constraint scores for the DV S category set as

1 Yoy sl o bDVS
Rt 1 —max (0, —=< ) , 6
fibvs = |7>*| 2\ = (1 max 0. e ©
RY ht 1 Vavs! Ty — leVS
REvs = Z Y Z (1 + min (0, DVS)> (N
w1 2\ 2 z
(3)

where V7, s represents the set of DV'S labels of each object p € P,. Since those scores measure
normalized rank similarity rather than quantifying a penalty, we inverse them as follows:

Py =1-R¥" )
Ppys=1- R8s, (10)
Ppyg =1— R (11)

Thus, PSJ'_ quantifies the synonym underscoring penalty, P[J;, < quantifies the DV'S overscoring
penalty, whereas PD_{r, < quantifies the DV .S underscoring penalty.

G Implementation Details

Kassab2024. We follow the execution of the pipeline described in Kassab et al. (11). We chose
intervals of 25 frames, using region-growing parameters of 100 considered neighbors, a smoothness
threshold of 0.05 radians, a curvature threshold of 1, and a tree-based search method. The entropy
was calculated using the 100-label Replica prompt list, as described in the paper.

ConceptGraphs. We ran ConceptGraphs (6) with a stride of 10 frames and at a similarity threshold
of 0.75.

ConceptGraphs (GPT). As in the original ConceptGraphs paper, we rely on a VLM to extract
object captions from multiple views. We streamline captioning by providing gpt-4o with the 4 best
object views (based on SAM segment area) and prompt it to give a succinct description of the central
object:

You are a helpful assistant that describes objects in a single word. You will be
provided with up to 4 views of the same object. Describe the object with a few
words. You should generally use a single word, but you can use more than one if
needed (e.g., ice cream, toilet paper).

We embed the resulting description with CLIP and use this instead of the standard ConceptGraphs
features. The representation is otherwise identical to ConceptGraphs.

HOV-SG. We run the publicly-available HOV-SG (3 1) pipeline using a stride of 10 frames and its
sequential merge paradigm. All other parameters remain unchanged.
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OpenMask3D. OpenMask3D (28) was executed at intervals of 10 frames. For the open-set semantic
segmentation task, points belonging to multiple masks, the mask with the highest score was chosen for
that point. For the open-set object retrieval task, non-maximum suppression (with an IoU threshold
of 0.50) was applied to all masks. All the resultant masks were then used for AP calculation.

ConceptFusion. We ran ConceptFusion (10) with a default stride of 10 frames, increasing it as
needed for larger scenes to fit in memory. We used the SAM version and default parameters from the
repository.

OpenScene. OpenScene (19) was executed at intervals of 10 frames. For evaluation, we use the
multi-view 2D fused features, as they better align with the other methods.

H Experiments

H.1 Top N Freq. - Further Results

We present Top 1 and Top 10 quantitative frequency results in Tab. 6. We also show qualitative
comparisons in Fig. 12 for OpenMask3D and ConceptFusion.

As N increases FREQ? increases, and FREQ' decreases with all other categories experiencing
minor changes of approximately 0.01. Relaxing the metric to N = 5 helps mitigate against minor
inconsistencies in the ground truth data. For example, in Fig. 12, OpenMask3D predicts “smart board
screen” for the top 1 prediction which is categorized as clutter. This occurs because a nearby screen
is labeled “smart board screen”, while the target object is not. By considering the top 5 predictions,
the correct label, “smart board” is found, re-categorizing the prediction as a synonym.

By increasing N we account for ambiguities in language descriptions, while also ensuring that entirely
incorrect predictions remain unchanged, as demonstrated for ConceptFusion in Fig. 12 (bottom). We
select N = 5 as an optimal balance between accomodating label ambiguity and preventing the metric
from being overly permissive, which could lead to incorrect predictions being classified as synonyms
or other categories. Additional qualitative results at N = 5 are shown in Figure 13.

Top 1 Top 5 Top 10
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m
X
)
©
=
c
[7)
Q.
[e) [l Synonyms
[l Depictions
smart board smart board smart board monitor
screen screen screen monitor screen [ Vis sim
screens screens ceiling monitor
smart board smart board dual screen B Clutter
projection screen projection screen  monitor camera
light panel light panel
Missin;
c | g
.2
a I Incorrect
[
=
Q.
(9]
o
<
S . -
()
screens screens screens shade
tiles tiles shades
lighting lighting panels
decoration decoration album
lights lights painting

Figure 12: Top 1, 5 and 10 Comparison for OpenMask3D (28) and ConceptFusion (10) on Replica (27)
Office 2. Increasing N allows for ambiguities in semantically similar labels (top) while also ensuring that
incorrectly predicted labels remain incorrect (bottom).



N  Dataset Method st Dyl VS| Ccl M| 1|

ConceptGraphs 0.18 0.01 0.06 013 0.02 0.61
ConceptGraphs (GPT) 037 0.03 0.03 0.14 0.02 041

HOV-SG 025 0.01 0.03 022 007 042

Replica Kassab2024 0.13 0.00 0.04 028 0.11 045
OpenMask3D 0.27 0.00 0.02 026 0.10 0.35
ConceptFusion 0.18 0.01 0.06 0.13 0.02 0.6l

OpenScene 0.20 0.00 0.04 020 0.07 049
ConceptGraphs 0.12 0.01 0.02 0.05 0.13 0.68
ConceptGraphs (GPT) 0.33 001 003 008 0.13 042

HOV-SG 02 0.02 003 009 008 059

1 ScanNet++ Kassab2024 0.05 0.00 0.01 008 038 049
OpenMask3D 0.15 0.01 0.01 0.17 0.13 053
ConceptFusion 0.15 0.01 0.02 0.04 0.04 0.74

OpenScene 0.07 0.00 0.01 011 022 059
ConceptGraphs 0.10 0.01 0.01 0.04 0.08 0.75
ConceptGraphs (GPT) 0.32 0.00 0.03 0.09 0.09 047

HOV-SG 0.13 0.01 0.02 007 0.08 0.69

HM3D Kassab2024 0.08 0.00 0.01 0.05 022 0.65
OpenMask3D 0.15 0.00 0.01 0.07 029 048
ConceptFusion 0.09 0.01 0.01 0.03 0.08 0.79

OpenScene 0.07 0.00 0.00 0.04 0.06 0.83
ConceptGraphs 052 001 012 023 002 0.11
ConceptGraphs (GPT) 0.52 0.02 0.04 023 0.02 0.17

HOV-SG 0.51 0.00 0.07 027 007 0.08

Replica Kassab2024 033 0.00 0.08 024 012 022
OpenMask3D 0.51 0.01 0.07 026 0.10 0.06
ConceptFusion 040 0.01 0.10 0.20 0.00 0.29

OpenScene 055 0.00 0.05 029 007 0.04
ConceptGraphs 035 002 006 012 013 032
ConceptGraphs (GPT) 048 0.01 004 0.11 0.13 023

HOV-SG 048 0.01 0.05 0.16 0.08 0.22

10 ScanNet++ Kassab2024 0.15 0.00 0.03 0.19 038 025
OpenMask3D 035 0.01 0.04 031 013 0.17
ConceptFusion 035 001 004 009 0.04 046

OpenScene 021 0.00 0.03 029 022 0.25
ConceptGraphs 034 0.02 0.04 0.16 0.08 0.35
ConceptGraphs (GPT) 0.53 0.00 0.03 0.12 0.09 023

HOV-SG 043 0.02 0.09 020 0.08 023

HM3D Kassab2024 025 0.01 0.02 017 023 033
OpenMask3D 042 0.00 0.02 0.13 029 013
ConceptFusion 029 0.01 0.03 0.0 0.08 048

OpenScene 0.27 0.00 0.02 025 006 0.39

Table 6: Freq. Top 1 and 10 Results for Object-Centric and Dense Representations. Where S is synonyms,
D is depictions, VS is visually similar, C is clutter, M is missing and / is incorrect.

e4¢ H.2 Object Retrieval - Further Results

645 We provide additional context for the object retrieval experiment in Fig. 14 and Fig. 15.

e« H.3 Compute Resources

647 We ran our final experiments on an academic compute cluster for efficiency. However, we expect our
e4¢ benchmark and most of the considered methods to run on consumer-grade hardware. We developed a
649 good part of the OpenLex3D codebase and computed some early benchmark results on a workstation
es0 with a 16-Core AMD Ryzen CPU, an NVIDIA GeForce RTX 2080 Ti and 32 GB of RAM.
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Figure 13: Qualitative Top 5 Freq. Results. We show results from all assessed methods on a selected scene
from each dataset. The scenes range from small-scale reconstructed environments (Replica (27)) to large-scale
cluttered home environments (HM3D (22)).
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Figure 14: AP by Category. We break down the query metrics to distinguish synonym-only queries and queries
formed from both a synonym and a depiction. CG, CG (GPT), and OM3D respectively refer to ConceptGraphs (6),
ConceptGraphs (GPT) (6), and OpenMask3D (28). Depictions tend to be more specific and feature salient
concepts that are likely unique in the scene (e.g., a fisherman on a pillow in a Replica (27) room). We posit that
this explains the significant gap in performance in favor of depiction-based queries. This experiment underscores
the importance of a benchmark that provides queries for every object in a scene.
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Figure 15: Query Rank Counts. We embed each OpenLex3D query and rank the predicted objects of each
method based on feature similarity. If the target ground truth instance has an IoU of at least 0.25 with a predicted
instance, we report the corresponding predicted rank. Otherwise, the query counts as “No Match" (NM). Queries
with a rank of 10 or above are grouped together. The high number of unmatched queries confirms that most
methods still struggle with the geometric aspect of the task and fail to segment instances that sufficiently overlap
with the ground truth.
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