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Abstract

Training a 3D scene understanding model requires com-
plicated human annotations, which are laborious to collect
and result in a model only encoding close-set object se-
mantics. In contrast, vision-language pre-training models
(e.g., CLIP) have shown remarkable open-world reason-
ing properties. To this end, we propose directly transfer-
ring CLIP’s vision feature space to 3D scene understand-
ing model without any form of supervision. We first mod-
ify CLIP’s input and forwarding process so that it can be
adapted to extract dense pixel features for 3D scene con-
tents. We then project multi-view image features to the
point cloud and train a 3D scene understanding model with
feature distillation. Without any annotations or additional
training, our model achieves promising annotation-free se-
mantic segmentation results on open-vocabulary semantics
and long-tailed concepts. Besides, serving as a cross-modal
pre-training framework, our method can be used to im-
prove data efficiency during fine-tuning. Our model out-
performs previous SOTA methods in various zero-shot and
data-efficient learning benchmarks. Most importantly, our
model successfully inherits CLIP’s rich-structured knowl-
edge, allowing 3D scene understanding models to recognize
not only object concepts but also open-world semantics.

1. Introduction

3D scene understanding aims to distinguish objects’ se-
mantics, identify their locations, and infer the geometric
attributes from 3D scene data. It has a wide range of ap-
plications in virtual reality [53], robot navigation [3, 51]
and autonomous driving [38, 75, 76]. However, training
traditional 3D scene understanding models requires a large
number of human annotations, which are laborious to col-
lect. Besides, the human annotations used in the current 3D
scene understanding benchmark only contain close-set se-
mantic information of the objects (e.g., 20 classes in Scan-
Net [15]). These make it difficult for 3D scene understand-
ing systems to recognize open-vocabulary categories and to
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Figure 1. Overview of CLIP-FO3D. We directly transfer CLIP’s
vision feature space to 3D point representations by extracting
dense pixel features, 2D-to-3D feature projection, and feature dis-
tillation. Without any human annotations, CLIP-FO3D success-
fully utilizes the point-text feature similarity to perform semantic
segmentation on open-vocabulary semantics and understand open-
world knowledge (e.g. affordances, colors, activities).

infer open-world semantics.

Large-scale vision-language foundation models (e.g.,
CLIP [57]) capture rich visual and language features. They
only require image-text pairs mined from the Internet for
unsupervised pre-training, and have demonstrated superior
ability in zero-shot and open-vocabulary reasoning for clas-
sification and dense prediction tasks [25, 39, 79, 91]. How-
ever, due to the difficulty of collecting 3D-text pairs and the
complexity of scene data, is extremely challenging to build
analogous 3D foundation models.

Some pioneering works explore the potential of extend-
ing CLIP’s text feature space to 3D scene representations.
LSeg [39]/OpenSeg [25] models (used in OpenScene [54])
and CLIP2Scene [6] align the pixel/point features with class
names’ CLIP text embeddings. However, the text embed-
dings contain much less knowledge than CLIP’s vision en-
coder, because some attributes, rare and abstract concepts
would be difficult to label in the training texts. Besides,
OpenScene [54] requires 2D segmentation annotations for
the pre-trained models. CLIP2Scene [6] requires close-set
pre-defined classes for training. This will result in a loss
of CLIP’s powerful open-world properties because training
with pre-defined classes restricts the feature space to a lim-
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ited set of vocabularies.

In this paper, we propose directly transferring CLIP’s vi-
sion feature space to 3D scene understanding models with-
out any supervision (e.g., 2D/3D annotations or vision-
language grounding annotations). Once the transfer is com-
plete, our model can complete the open-vocabulary 3D
scene understanding task without additional training. This
annotation-free paradigm is both effort-saving and able to
preserve CLIP’s open-world information to the maximum.

In this direction, MaskCLIP [91] in 2D vision has taken
the first step towards extracting pixel-level features from
CLIP vision encoder’s final feature map. However, it has
difficult adapting to 3D contents since 3D scenes contain
much more objects and more complex structures. Besides,
MaskCLIP has an inherent defect in precisely locating and
segmenting objects’ boundaries due to the limited resolu-
tion of CLIP’s final feature map. To address these prob-
lems, we propose a new method to extract free pixel-level
CLIP features without breaking its feature space. We first
crop the input images at multi-scale to accommodate vari-
ous object sizes. To preserve object-level semantics, we di-
vide each cropped sample into semantically relevant regions
and extract a local feature for each region. Specifically, we
add several local classification tokens in ViT [21] encoder,
which only aggregate information from local patches within
a region. By simply forwarding CLIP and combining mul-
tiple local features, we extract a pixel-level feature map for
each 3D scene’s RGB view.

After extracting pixel-level CLIP features, we adopt the
feature projection in 3DMYV [16] to project multi-view im-
age features to the point cloud. The resulting point features
are aligned with CLIP’s feature space and used as off-line
training targets. Then we train the 3D understanding model
with feature distillation, minimizing the distance between
learned point features and the target features as in [54].
This way, we obtain CLIP-FO3D, which extracts free and
open-world 3D scene representations aligned with CLIP.

Our CLIP-FO3D can perform annotation-free open-
vocabulary 3D semantic segmentation without additional
training processes. Since CLIP’s vision features are well
aligned with text features, we can take the text embeddings
of each class name’s prompts as classification weights to
perform semantic segmentation. CLIP-FO3D performs re-
markably on standard close-set ScanNet [15] and S3DIS [4]
segmentation benchmark. In addition, to examine CLIP-
FO3D’s open-vocabulary capability inherited from CLIP,
we extend the label set of the standard ScanNet dataset with
NYU labels [63]. We demonstrate that CLIP-FO3D has
remarkable segmentation results on NYU-40 classes and
other long-tailed categories beyond the NYU label set.

Besides, given that collecting 3D point clouds and anno-
tating are laborious, CLIP-FO3D can also be regarded as an
unsupervised cross-modal pre-training framework to bene-

fit data efficiency. CLIP-FO3D achieves promising perfor-
mance in traditional benchmarks where limited annotations
are provided, such as zero-shot and data-efficient learning.

Most importantly, CLIP-FO3D encodes rich open-world
knowledge inherited from CLIP. It understands not only ob-
ject concepts, but also text queries with open-world seman-
tics (e.g. affordances, colors, activities), broadening the ap-
plication of 3D scene understanding.

Our contributions can be summarized as follows:

e We propose directly transferring CLIP’s vision feature
space to 3D scene understanding models without any
annotation, which preserves CLIP’s open-world prop-
erties to the maximum.

* We present a novel method to extract pixel-level CLIP
features, and a feature distillation method to align 3D
point representations with CLIP’s feature space.

* Our model achieves promising annotation-free 3D se-
mantic segmentation performance on large vocabular-
ies, and shows remarkable open-world properties.

* As an unsupervised pre-training method, our model
outperforms previous state-of-the-art methods in zero-
shot and data-efficient learning.

2. Related Work

2.1. Open-vocabulary Dense Prediction in 2D Vision

Open-vocabulary dense prediction aims to recognize
and localize objects with open-set semantics. Pioneering
works [43, 71, 81, 92] in 2D vision mainly utilize large-
scale image-caption annotations as weak supervision source
to enlarge the vocabulary set. Other works [22, 23, 25,
26, 39, 41, 47, 49, 58, 70, 80, 90] distill vision-language
foundation models’ (e.g., CLIP) knowledge to transfer their
open-vocabulary capability. However, they all require some
form of human annotations, such as box/mask proposals
and pixel semantic annotations. Open-world knowledge en-
coded in CLIP is forgotten when fine-tuning with human
annotations. In contrast, MaskCLIP [91] proposes directly
utilizing CLIP for dense prediction tasks without training.
However, it struggles to handle 3D scene’s RGB views with
more complex contents, as shown in Section 4. We propose
a new method to extract free pixel-level CLIP features from
3D scene’s RGB views by only modifying CLIP’s inputs
and forwarding process without fine-tuning.

2.2. Zero-shot 3D Visual Recognition

Zero-shot learning is relatively under-explored in 3D vi-
sion. Initial works focus on classification tasks on object-
level data [10-13, 29, 55, 72]. Recent works [33, 42, 83, 86]
adopt CLIP to perform zero-shot 3D classification with
open-vocabularies. Multi-modal foundation models are also
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Figure 2. Top: Overall training process for CLIP-FO3D. For RGB views, we extract free pixel-level CLIP features and project pixel
features to 3D points. For 3D scenes, we encode the point features and train CLIP-FO3D with feature distillation. Bottom: Three steps
to extract pixel-level CLIP features. (a) The input image is cropped at multi-scale to accommodate various object sizes. (b) Extracting
pixel-level feature map for each region crop. Each region crop I is divided into /N super-pixels, and a local token is initialized for each
super-pixel. The crop is then upsampled and input into CLIP’s ViT encoder together with the local tokens. Each patch token in ViT is
assigned to a local token based on the spatial location of patch and super-pixel. The attention score of local token is computed only from its
assigned patches. The encoded local token feature is finally broadcast to all pixels within the super-pixel. (¢) All region crops’ feature maps

are resized back and stitched to the original image. We average the multiple features of pixels to obtain final pixel-level CLIP features.

used in other 3D tasks, such as NeRF [35, 37, 65] and 3D
visual question answering [17].

For 3D scene understanding, Michele et al. [48] and
Chen et al. [7] study zero-shot semantic segmentation with
generative model and word embedding prototypes. Lu et
al. [46] propose a zero-shot 3D object detection method
with pseudo-labels generated with 2D classifier. Zhang
et al. [89], Chen et al. [6] and Rozenberszki er al. [61]
propose fully unsupervised 3D semantic/instance segmen-
tation methods. But these methods still result in a model
with close-set vocabularies. Recent works achieve promis-
ing results in applying CLIP to open-vocabulary 3D scene
understanding. However, they all require human annota-
tions for training, such as 2D pixel labels [54], 3D point la-
bels [27] and pre-trained masks [34, 64]. PLA [18] and Re-
gionPLC [73] utilize an image-captioning model to gener-
ate captions for 3D content, enabling open-vocabulary seg-
mentation by aligning 3D representations with text embed-
dings. Unlike existing works, we propose directly transfer-
ring CLIP’s vision feature space to 3D scene representations
with no annotations. Without additional training, CLIP-
FO3D shows superior open-world understanding properties
inherited from CLIP.

2.3. 3D Representation Learning

Inspired by the self-supervised representation learning in
2D vision, 3D pre-training methods [30, 82] achieve bet-
ter fine-tuning performance and efficiency in various down-
stream tasks by leveraging contrastive learning [8, 9, 44, 68,

88], masked auto-encoder [20, 52, 78, 85], or both [55].
Beyond self-supervised pre-training, cross-modal learn-
ing methods propose to distill knowledge in images/text and
pre-trained models to 3D representations [2, 20, 32, 55, 59].
For scene understanding tasks, recent works enrich 3D point
representations by utilizing 2D/text annotations [50, 77,
84], pixel-point alignments [40, 45, 62, 66], neural ren-
dering [31] and pre-trained models [56, 60, 69, 74, 87].
Our method can be regarded as an unsupervised cross-
modal 3D representation learning method. We demonstrate
that distilling CLIP’s richly-structured vision knowledge to
3D models can benefit 3D scene understanding when lim-
ited annotations are available, outperforming previous self-
supervised and cross-modal pre-training methods.

3. Method

This section describes the process of transferring CLIP’s
feature space to 3D scene understanding models. We first
extract pixel-level CLIP features from the 3D scene’s RGB
views by modifying CLIP’s inputs and forwarding process,
introduced in Section 3.1. We then get target point features
from pixel features and train the 3D model by feature distil-
lation, introduced in Section 3.2.

3.1. Extract Free Pixel-level CLIP Features
Although CLIP only aligns image-level global features
with text embeddings, it should inherently encode local and
dense semantics at the front layers. As demonstrated in
MaskCLIP [91], CLIP must divide image-level semantics
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into local segments, and properly align each segment’s se-
mantics with independent concepts in the text. MaskCLIP
proposes to discard the global pooling layer and extract
dense features from the final feature map with reformulated
1 x 1 convolutional layers.

However, adapting MaskCLIP to 3D scene contents
brings poor dense prediction results, as shown in Section
4. On the one hand, CLIP’s feature map has a much
lower resolution than the input images (downsampled by
162 in ViT/16 [21] and 322 in ResNet-50 [28]). Although
MaskCLIP is reasonably capable of recognizing salient se-
mantics in the images, it struggles to segment the numerous
objects in 3D scenes at different scales. On the other hand,
the pixel features in CLIP’s final feature map contain much
global semantics regarding the entire image. They may con-
tain multiple objects’ semantics since each pixel’s feature
aggregates information from all other pixels in forwarding.
However, ideally, we hope to extract object-level features
of different objects in a 3D scene. We propose increasing
the resolutions and extracting local features from CLIP to
address the aforementioned problems, described as follows.

Multi-scale region extraction. Firstly, the input view is
cropped at multi-scales to adapt to the recognition of objects
of various sizes in 3D scenes, as shown in Figure 2 (a). For
each cropped sample, we divide into many local regions.
This effectively improves the feature resolution. Specif-
ically, we divide the image sample into super-pixels with
SLIC [1] as in [62]. The super-pixel roughly covers an ob-
ject or object’s part, resulting in locally visually similar re-
gions. After processing the input image, we extract an em-
bedding vector for each super-pixel with modified CLIP’s
ViT [21] encoder, which is introduced below.

Extracting local features from CLIP. We hope the
super-pixel feature aggregates information from local
patches rather than from the entire image like the global
classification token in ViT’s encoder. This process is shown
in Figure 2 (b). Given a cropped image sample /., we seg-
ment it into IV super-pixels: I. = S;USaU- - -USy, where
S;NS; = @, Vi # j. We then upsample the exact cropped
image to CLIP’s input size and obtain I, ; In ViT, I ; is first
reshaped into M flattened patches: Ic/ = P1UPsU- - -UPu,
where M = 142 in ViT-B/16. We then assign each patch in
I; to a specific super-pixel in /. based on the their spatial
locations by interpolation, since the number of super-pixels
N in our method is always less than the number of patches
M. We denote the patch P; being assigned to the super-
pixel Sj as 'Pl ~ Sj.

To represent each super-pixel’s feature, we add N local
classification tokens beyond the original global classifica-
tion token in CLIP’s forwarding process. The local tokens
have similar functions with the group tokens in [71], but
are not learnable and have different updating mechanism.
The local tokens are initialized the same as the global one

and are updated by the same self-attention mechanism and
pre-trained weights in ViT. The only difference in updating
the local tokens during inference is how attention scores are
computed. Namely, each local token is only attended to its
assigned patch tokens, which is implemented as masked-
attention mechanism as in [19, 71]. Recall that in ViT’s
forwarding process, the attention score of the classification
token is calculated as:

g kT
Agiobal = Z softmax (q c L ) v,
i

qg :Embq(mg)7 k‘i = Embk(xi), v; = Emb\,(.’L‘i>7

(D

where C' is a constant scaling factor and Emb(-) denotes
the linear layers encoding the query, key, and value embed-
dings. x¢ is the global classification token and x; represents
the input feature of patch P;.

In our method, the attention score of each local classifi-
cation token is computed from local patches as:

gt kT
Alocal, j = Z softmax( jC ! )vi, @

it Pi~S;

qf :Embq(xﬁ), ki = Emby(x;), v; = Emb,(x;),

where P; ~ S; means that patch P; is assigned to the super-
pixel S;. xﬁ is the local classification token of super-pixel
S; and x; represents the input feature of patch P;.

Note that the original tokens in ViT are not affected dur-
ing inference. By forwarding CLIP with additional tokens,
we obtain a local feature for each super-pixel that is aligned
with CLIP’s feature space. We then apply the same local
token feature to all pixels within a super-pixel to preserve
object-level semantics. In this way, we obtain a feature map
for each cropped image of the same size as CLIP’s input.

Multi-scale feature fusion. After extracting local fea-
ture maps for all the cropped samples, we resize them back
to the cropping sizes and stitch them back to the original
input image, as shown in Figure 2 (c). Since one pixel may
belong to different super-pixels from different cropped sam-
ples, we average all features as the final pixel feature. We
extract pixel features for each 3D scene’s RGB view. While
the whole process is slow and difficult to apply to real-time
inference, we only do the above process once for each view
and use the pixel-level features as offline training targets.

3.2. Feature Distillation with 2D Teacher

To connect the pixel-level 2D features with 3D point fea-
tures, we project each point in a 3D scene back to the RGB
views following 3DMYV [16]. Point-to-pixel projection is
computed based on the camera pose, intrinsics, and the
world-to-grid transformation matrix. Since we can obtain
each projected pixel’s depth value from the RGB-D images,
we only keep the points that are in the correct depth ranges
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ScanNet S3DIS

‘Backbone mloU  mAcc ‘ mloU mAcc

Head Common Tail
mloU mAcc ‘ mloU mAcc ‘ mloU mAcc

Inference by feature projection
MaskCLIP-3D CLIP 9.7 21.6 - -
Target Feature (Ours) CLIP 27.6 47.7

Inference by feature projection
MaskCLIP-3D 19.8 331 | 133 268 | 75 15.3
Target Feature (Ours) | 37.1 634 | 39.0 554 | 40.6 553

CLIP-FO3D (Ours) | Res-Unet | 30.2  49.1 | 223 3238

CLIP-FO3D (Ours) | 443 659 | 37.6 50.6 | 26.5 364

Table 1. Annotation-free semantic segmentation on standard Scan-
Net and S3DIS datasets. MaskCLIP-3D and our Target Feature
use pixel features to infer points’ semantics, which is slow and
unsuitable for practical use. Our pixel-level target features capture
significantly better semantics than MaskCLIP. CLIP-FO3D trained
with feature distillation even outperforms its target.

for further training. As some points will be associated with
multiple pixels from different views, we compute the aver-
age of all 2D features as the final point feature f3p € R,
where the channel number C' is the same as CLIP’s vision
encoder. As a result, we obtain point-level features for each
3D scene denoted as Fruger = {f 3D,i}£v:pl, where N, is the
number of points in the scene.

After extracting offline target point features for each
scene, we train the 3D understanding model to learn from
these targets by feature distillation like OpenScene [54].
Denoting the learned point features for a scene as Fieym =
{f 3D,z‘}£\2’1, the loss function of feature distillation is:

N,
1 & P
L= N ZD (f3D,ia f3D,z') . (3)
LD
The distance D(+, -) is the negative cosine similarity:
fi f2
D(f1,f2) = =757 e 4
[fallz Nl f2ll2
where || - ||2 is £o-norm. We use cosine distance because

CLIP-driven classification relies on the cosine distance be-
tween vision and text embeddings.

The whole training process only requires the 3D dataset
and the pre-trained CLIP vision encoder, without any form
of supervision (e.g., 2D/3D annotations or vision-language
grounding annotations). Since the learned point features
are consistent with CLIP’s feature space, the 3D model can
perform open-vocabulary semantic segmentation and open-
world reasoning once the feature distillation is finished.

4. Experiments

4.1. Experimental Setup

Dataset. We train CLIP-FO3D on ScanNet’s training
set [15]. We use the RGB-D images and the 3D scene
meshes for training, and no labels are used. We sub-sample
RGB-D images from the raw ScanNet videos every ten
frames for each scene. We evaluate our method on Scan-
Net [15] and S3DIS [4] datasets. ScanNet’s validation set
and S3DIS’s “Area 5 are used for all the evaluation exper-
iments. Notice that raw categories’ names and the mapping

Table 2. Open-vocabulary semantic segmentation on ScanNet with
extended labels from NYU label set. We divide all categories into
Head, Common and Tail based on the point numbers.

to NYU40 label set are provided in the ScanNet dataset,
which we use to enlarge the vocabulary. We remove the
“other furniture” category in ScanNet and the “clutter” cat-
egory in S3DIS because they do not have specific semantics
that can be classified with any text embeddings.

Implementation Details. We use CLIP’s ViT-B/16 en-
coder as the 2D backbone and use the corresponding text
encoder for generating text embeddings. For all the exper-
iments, we adopt MinkowskiNet16 [14] as 3D scene un-
derstanding backbone. We remove the final classifier and
change the output feature dimension to 512 to match CLIP’s
feature dimension. We train CLIP-FO3D using SGD op-
timizer with a learning rate of 0.8 and a batch size of 4.
The model is trained for 80K steps, and the learning rate
is decreased by 0.99 for every 1,000 steps. The fine-tuning
experiments on CLIP-FO3D are trained with a batch size
of 4 for 40K steps. We set the initial learning rate of the
pre-trained CLIP-FO3D networks to 0.001, with polyno-
mial decay with power 0.9, because we find that a small
learning rate leads to better results when fine-tuning CLIP’s
feature space. The initial learning rate of the classifier in
data-efficient learning is set to 0.1 following the original set-
ting in [30]. For zero-shot learning and data-efficient learn-
ing experiments, we follow the original benchmarks in [7]
and [30]. More implementation details can be found in the
supplementary material.

4.2. Annotation-free Semantic Segmentation

Semantic segmentation on standard benchmarks. We
first present the results of annotation-free semantic segmen-
tation on standard ScanNet and S3DIS benchmarks, where
no supervision is provided during training. This is a rather
challenging setting. After training CLIP-FO3D with feature
distillation, we can take the text embeddings of each class
name’s prompts as classification weights to perform seman-
tic segmentation.

The results are shown in Table 1. The first two rows
show the results of using multi-view pixel features to infer
each point’s semantics by feature projection (introduced in
Section 3.2). MaskCLIP-3D is a baseline method that we
use MaskCLIP to compute pixel features for RGB views
as in [91]. Target Feature is our proposed method to ex-
tract free dense CLIP features from RGB views introduced
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Setting ‘ Unseen-2 Unseen-4 Unseen-6 Unseen-8 Unseen-10

. mloU mloU mloU mloU mloU
Metric S u hloU S u hloU S u hloU S u hloU S u hloU
3DGenZ [48] 334 128 185 | 328 7.7 125 | 312 48 8.3 29.7 2.1 3.9 30.1 1.4 2.7
TGP [7] 586 51.6 549 | 579 341 429 | 552 154 241 | 516 121 19.6 | 525 95 16.1
MaskCLIP-3D 67.3 387 49.1 644 31.0 419 | 629 247 355 | 61.8 19.1 292 | 623 134 221
CLIP-FO3D (Ours) | 70.6 60.3 650 | 69.5 548 61.2 | 67.3 508 579 | 65.8 46.7 546 | 67.7 40.7 50.8

Table 3. Zero-shot semantic segmentation on ScanNet with different settings. “Unseen-:” indicates that there are ¢ classes that have no
labels during training. S and U represent the performance of seen and unseen classes, respectively.

Setting ‘ Unseen-4 Unseen-6

. mloU mloU
Metric ‘ S u hloU ‘ S u hloU
3DGenZ [48] 53.1 7.3 129 | 283 69 11.1
TGP [7] 604 206  30.7 - - -
CLIP-FO3D (Ours) | 64.8 26.1 372 | 60.8 293 39.5

Table 4. Zero-shot semantic segmentation on S3DIS with different
settings. “Unseen-:” indicates that there are ¢ classes that have no
labels during training. S and U represent the performance of seen
and unseen classes, respectively.

in Section 3.1. Notice that one should forward the vision
encoder for all RGB views and then align 3D points with
pixels with camera pose, intrinsics and transformation ma-
trix. This inference process by feature projection is very
slow and not applicable for practical use. In contrast, CLIP-
FO3D is convenient for processing new 3D data. However,
the results can still be compared and give some inspiration.

It is observed that our Target Features extract more
reasonable semantics than MaskCLIP-3D, indicating that
the proposed method is indispensable in extracting dense
CLIP features for 3D contents. Moreover, our CLIP-FO3D
achieves remarkable segmentation results on ScanNet and
S3DIS in this challenging setting (notice that four cate-
gories in S3DIS never appear during the training on Scan-
Net). CLIP-FO3D even outperforms its arget features in
ScanNet, indicating that some misleading target features
can be corrected during feature distillation.

Semantic segmentation with open vocabularies. The
standard ScanNet benchmark only contains a small vocabu-
lary of 20 classes. To examine the open-vocabulary capabil-
ity of CLIP-FO3D inherited from CLIP, we first extend the
original vocabulary size with the NYU-40 label set. We re-
move the NYU-40 labels that do not have specific semantics
(e.g., “other structure”, “other furniture”, “other prop”) and
evenly divide all the rest categories into Head, Common and
Tail based on the point numbers of each category. We show
the semantic segmentation results on the three category sets
in Table 2. Our Target Features outperform the baseline
MaskCLIP-3D by a large margin. Since categories in Com-
mon and Tail set usually contain objects with smaller sizes
(e.g., bag, box, pillow, book), MaskCLIP-3D struggles to
extract their semantics due to the limited feature resolution.

While our method even extracts higher quality features for
Tail categories than Head, thanks to the multi-scale inputs
and local super-pixel features. CLIP-FO3D also achieves
promising results in all categories, while it does not per-
form as well as our Target Features for Common and Tail
categories, due to the limited number of examples in the
training set. However, CLIP-FO3D can be easily used for
indoor open-vocabulary scene understanding applications.

Qualitative Results. We show the visualization of
annotation-free semantic segmentation results on standard
ScanNet benchmark and recognizing long-tailed categories.
As shown in Figure 3 (left), decent segmentation masks are
obtained compared to the ground truth. Our method dif-
fers from ground-truth results for some objects with am-
biguous semantics, such as table and desk, cabinet
and its door, chair and sofa. In Figure 3 (right), our
method successfully recognizes long-tailed categories that
are not annotated in traditional benchmarks, demonstrating
our model’s promising open vocabulary capability.

4.3. Zero-shot Semantic Segmentation

Zero-shot semantic segmentation methods train the 3D
scene understanding model only with the labels on a sub-
set of classes (seen classes), and evaluate both seen classes
and unseen classes. All the existing methods in 3D scene
understanding use transductive settings, in which the un-
labeled points are accessible during training. CLIP-FO3D
can be applied to zero-shot semantic segmentation with mi-
nor effort. Specifically, CLIP-FO3D can be used to generate
pseudo-labels for the unlabeled points.

We compare our method with state-of-the-art zero-shot
semantic segmentation methods on ScanNet and S3DIS fol-
lowing the benchmarks in [7]. We also use a new bench-
mark where six classes are chosen as unseen classes in
S3DIS. We use the metric of mean intersection over union
(mIoU) for both seen classes (S) and unseen classes (Uf),
and use the harmonic mean IoU (hloU) to demonstrate the
overall performance of zero-shot learning as in [5, 67].

As shown in Table 3, our method outperforms the previ-
ous state-of-the-art method [7] by 10.1%, 18.3%, 33.8%,
35.0% and 34.7% on hloU metric when there are 2, 4,
6, 8 and 10 unseen classes during training. Our CLIP-
FO3D also outperforms the method of pseudo-labeling with
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Figure 3. Qualitative results of annotation-free semantic segmentation on ScanNet and recognizing long-tailed categories.

Percentage of labeled scene

Method ‘ Sup. ‘ 1% 5% 0% 20%
Scratch - 28.1 474 58.9 63.8
CSC [30] X 29.7 48.8 59.9 64.7
LangGround [60] v 31.9 49.3 60.8 65.3
CLIP-FO3D (Ours) | X | 36.1 (1800 51.7 (143 63.1 (142) 66.8 (13.0)

Table 5. Data-efficient semantic segmentation on ScanNet with
limited scene reconstructions. “Sup.” indicates whether points’
semantic labels are used during pre-training.

Number of labeled points

Method ‘ Sup. ‘ 20 50 100 200
Scratch - 46.3 58.3 62.8 65.4
CSC [30] X 54.0 60.7 65.6 68.3
LangGround [60] v 55.1 62.4 66.0 68.2
CLIP-FO3D (Ours) | X | 57.6 (1113 64.3 (1600 68.2 (154 69.5 (141

Table 6. Data-efficient semantic segmentation on ScanNet with
limited point annotations. “Sup.” indicates whether points’ se-
mantic labels are used during pre-training.

MaskCLIP-3D by large margins. It is observed that our
method is more effective than the baselines when there are
more unseen classes, demonstrating superior zero-shot ca-
pability. The results on S3DIS with two settings in Table 4
reflect a similar phenomenon, although S3DIS’s data is not
accessible during the training of CLIP-FO3D.

4.4. Data-efficient 3D Scene Understanding

As the collection and annotation of 3D point cloud data
are very laborious, data-efficient learning methods have
been proposed to train a better 3D model when training data
or labels are scarce. Existing works have explored self-
supervised [30] or cross-modal [60] pre-training methods
for data-efficient fine-tuning. CLIP-FO3D can also be con-
sidered an unsupervised cross-modal pre-training method to
benefit data efficiency. Unlike existing works, our method
leverages the richly-structured feature space inherited from
CLIP to improve data-efficient fine-tuning results.

Annotation-free ~ Zero-shot (Unseen-4)

Method

mloU  mAcc | S U hloU
w/o Multi-scale 17.1 33.8 68.1 433 52.9
w/o Local Feature 21.6 39.3 68.3 485 56.7
CLIP-FO3D (Ours) 30.2 49.1 69.5 548 61.2

Table 7. Ablation study on ScanNet for two benchmarks. “Multi-
scale” represents cropping input images at multi-scales when ex-
tracting pixel-level features with CLIP. “Local Feature” represents
using local classification tokens to extract super-pixel features.

We follow the official data-efficient learning bench-
marks [30]: Limited Reconstructions (only a few labeled
scenes are used for training) and Limited Annotations (only
a few points are labeled in each scene). “Scratch” denotes
the training from scratch baseline. We also remove the
“other furniture” category in ScanNet as in the annotation-
free segmentation experiments. The results of limited scene
reconstructions are shown in Table 5, when only 1%, 5%,
10%, and 20% scenes are used during training. Our method
achieves mloU improvements of 8.0%, 4.3%, 4.2% and
3.0% over training from scratch, and achieves superior re-
sults compared to the previous state-of-the-art supervised
pre-training method. The results of limited point annota-
tions are shown in Table 6, when 20, 50, 100, and 200
annotated points are randomly sampled for each scene.
Our method achieves mloU improvements of 11.3%, 6.0%,
5.4%, and 4.1% over training from scratch, and outperforms
previous state-of-the-art supervised pre-training methods.

5. Discussion

Ablation study. Table 7 shows the ablation study on
the proposed methods when extracting pixel features from
CLIP. “Multi-scale” represents increasing the feature res-
olution with multi-scale inputs, and “Local Feature” rep-
resents extracting super-pixel features using local classifi-
cation tokens. We show the results of annotation-free and
zero-shot semantic segmentation (with four unseen classes)
on ScanNet. It is observed that both techniques are crucial
for transferring CLIP’s feature space. While each single
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Figure 4. Open-world 3D scene understanding on ScanNet. Texts are used as queries and the most relevant areas are marked in red.
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Figure 5. Pixel-text 51m11ar1tles of our method and LSeg [39]. Col-
ors from blue to yellow indicate the similarity from low to high.

method outperforms the MaskCLIP-3D baseline, increasing
the feature resolution with multi-scale inputs brings more
significant improvements than extracting local features.
Open-world 3D scene understanding. Since CLIP is
trained with massive image-text pairs mined from the Inter-
net, it inherently encodes rich real-world knowledge which
can guide open-world applications such as visual naviga-
tion and embodied Al [24, 36]. Since we directly transfer
CLIP’s feature space to 3D models, CLIP-FO3D has the po-
tential to accomplish open-world 3D scene understanding.
Inspired by the qualitative results in [47] and [54], we use
text embeddings to query open-world semantics for CLIP-
FO3D’s scene representations. Given a text description, we
extract its feature with CLIP’s text encoder, calculate its
similarity with point features, and then threshold to pro-
duce a 3D mask. The visualization results are shown in
Figure 4. Our model successfully finds the location that is
most relevant to the text descriptions. For example, given
“write”, CLIP-FO3D finds the whiteboard and desk on
which one can write. Our model is also able to understand
other color, activity and affordance descriptions. These re-
sults demonstrate that our 3D scene representations encode
rich and well-structured knowledge about the real world.
Advantages of Annotation-free Training. We demon-
strate that annotation-free training preserves CLIP’s rich
information to the maximum. In contrast, fine-tuning
CLIP with human annotations restricts the feature space, as

demonstrated in [34].

We compare our pixel-level feature extraction with a su-
pervised 2D segmentation method, LSeg [39]. LSeg aligns
pixel embeddings to the CLIP text embedding of the cor-
responding semantic class from 7 segmentation datasets.
Visualization results of capturing long-tailed concepts are
shown in Figure 5. The example picture is used in [34].
The similarity of the pixels and text queries are used for vi-
sualization. Our method has outstanding advantages of rec-
ognizing long-tailed concepts directly inherited from CLIP.
LSeg produces non-discriminative results because its fea-
ture space is restricted to pre-trained concepts and fails to
generalize to open-world understanding.

6. Conclusion

This paper proposes transferring CLIP’s feature space
to 3D scene representations. We first extract pixel-level
features from CLIP for RGB views. Then we adopt fea-
ture projection to get the target point features and train a
3D model. CLIP-FO3D achieves promising annotation-
free semantic segmentation results on open-vocabulary con-
cepts. It also outperforms previous state-of-the-art methods
in zero-shot and data-efficient learning tasks. Moreover,
our model inherits CLIP’s open-world properties, encoding
open-world knowledge beyond object concepts.
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