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Abstract

Point cloud data labeling is considered a time-consuming and
expensive task in autonomous driving, whereas annotation-
free learning training can avoid it by learning point cloud
representations from unannotated data. In this paper, we pro-
pose AFOV, a novel 3D Annotation-Free framework assisted
by 2D Open-Vocabulary segmentation models. It consists of
two stages: In the first stage, we innovatively integrate high-
quality textual and image features of 2D open-vocabulary
models and propose the Tri-Modal contrastive Pre-training
(TMP). In the second stage, spatial mapping between point
clouds and images is utilized to generate pseudo-labels, en-
abling cross-modal knowledge distillation. Besides, we intro-
duce the Approximate Flat Interaction (AFI) to address the
noise during alignment and label confusion. To validate the
superiority of AFOV, extensive experiments are conducted
on multiple related datasets. We achieved a record-breaking
47.73% mIoU on the annotation-free 3D segmentation task
in nuScenes, surpassing the previous best model by 3.13%
mIoU. Meanwhile, the performance of fine-tuning with 1%
data on nuScenes and SemanticKITTI reached a remarkable
51.75% mIoU and 48.14% mIoU, outperforming all previous
pre-trained models.

Code — https://github.com/sbysbysbys/AFOV

Introduction
As neural-network-based 3D scene perception methods, e.g.,
object detection (Shi, Wang, and Li 2019; Shi et al. 2020;
Zhou and Tuzel 2018; Lang et al. 2019), point cloud seg-
mentation (Qi et al. 2017a,b; Choy, Gwak, and Savarese
2019), etc., become increasingly complex in their network
architectures with a growing number of parameters, meth-
ods relying solely on enhancing model structures are reach-
ing a point of saturation. Meanwhile, approaches to enhanc-
ing model performance through data-driven methods heavily
rely on time-consuming and expensive manual annotations.
Due to constraints such as insufficient class annotations, ap-
plying traditional point cloud perception methods to large-
scale unlabeled data meets significant challenges.

Annotation-free learning is a powerful machine learn-
ing paradigm that enables representation learning from
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Figure 1: Segmentation results of AFOV annotation-free
training. More illustrations are presented in Appendix D.

data without the need for manual supervision. Multi-modal
annotation-free algorithms for 3D scene perception tasks
integrate the internal structure of point clouds with image
or text knowledge to generate objectives. They bypass the
costly manual annotations, bridging the gap between tradi-
tional 3D perceptual models and unannotated data.

Existing 3D annotation-free methods (Chen et al. 2023b;
Zeng et al. 2023; Chen et al. 2023a; Peng et al. 2023)
aim to transfer knowledge from visual foundation mod-
els (VFMs), e.g., Contrastive Vision-Language Pre-training
(CLIP) (Radford et al. 2021) or Segment Anything (SAM)
(Kirillov et al. 2023), to point cloud representations. How-
ever, 3D annotation-free models based on CLIP (Radford
et al. 2021) suffer from intolerable noise, while SAM (Kir-
illov et al. 2023) fails to correspond texts and images. There-
fore, we seek high-quality image segmentation models with
textual correspondences to serve as teacher models for 3D
annotation-free learning. Recently, CLIP-based 2D open-
vocabulary segmentation models (Zhou, Loy, and Dai 2022;
Yu et al. 2023; Xu et al. 2023; Cho et al. 2023) have demon-
strated excellent performances. They employ contrastive
learning to extract textual and image features from a shared
embedding space and are capable of segmenting and iden-
tifying objects from a set of open classes in various en-
vironments. These models provide us with image segmen-
tation and labels corresponding to the segmented regions,
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Figure 2: Performance of AFOV on nuScenes.

as well as easy-to-extract text and image representations.
Meanwhile, they significantly outperform other Visual Lan-
guage Models (VLMs) (Radford et al. 2021; Zou et al. 2024,
2023; Li et al. 2023) in open-vocabulary segmentation tasks.

In this paper, we propose AFOV, a 3D Annotation-Free
framework by distilling 2D Open-Vocabulary segmentation
models. It aims to address the difficulties of point cloud
perception using unannotated data through 3D annotation-
free learning. AFOV adopts a novel two-stage strategy: The
first stage uses Tri-Modal contrastive Pre-training (TMP) to
warm up the network parameters, where we innovatively in-
corporate the textual information to enhance the semantic
perception of point cloud representations; The second stage
is pseudo-label guided annotation-free training, completing
the knowledge distillation from 2D to 3D. Furthermore, to
address the perceptual limitations of AFOV, such as noise
during alignment and label confusion, we introduce Approx-
imate Flat Interaction (AFI). It provides a robust error cor-
rection mechanism for the above two stages through point
cloud spatial interaction.

In the experiment, We selected four CLIP-based open-
vocabulary segmentation models, ie., MaskCLIP (Zhou,
Loy, and Dai 2022), FC-CLIP (Yu et al. 2023), SAN (Xu
et al. 2023), CAT-Seg (Cho et al. 2023), as teacher models.
To validate the performance of our method in annotation-
free point cloud segmentation tasks, extensive experiments
on multiple autonomous driving datasets were conducted.
Firstly, AFOV achieved a remarkable improvement of
3.13% mIoU, reaching a Top-1 accuracy of 47.74% mIoU
in benchmark testing of annotation-free 3D segmentation on
nuScenes (Caesar et al. 2020). Furthermore, treating AFOV
as a pre-trained model, we conducted 1% data fine-tuning
and 100% data linear-probing experiments on nuScenes,
yielding mIoU scores of 51.75% and 56.35%. Compared
to the current best pretraining method, AFOV achieved im-
provements of 4.16% and 4.81% mIoU, respectively. When
fine-tuning with 1% data on SemanticKITTI (pre-training on
nuScenes), AFOV achieved a 48.14% mIoU. AFOV demon-
strated state-of-the-art performance across various experi-
ments, validating its effectiveness.

Compared to scene understanding work based on point
clouds (such as OpenScene), the introduction of text infor-
mation allows AFOV to generate pseudo labels for knowl-

edge distillation. As a result, AFOV directly predicts out-
comes, whereas scene understanding models match fea-
tures between point clouds and text. As with fully super-
vised closed-set point cloud segmentation models, the di-
rectly predicted output is far superior to the output obtained
through feature matching.

Unlike most previous annotation-free 3D segmentation
models, all the knowledge for training AFOV comes from
state-of-the-art 2D open-vocabulary segmentation models.
These open-vocabulary segmentation models (such as FC-
CLIP, CAT-Seg, and SAN) perform far better than other
VLMs like maskCLIP, SAM, and SEEM. They can also
extract masks, labels, and features, avoiding noise accu-
mulation between different backbones. Therefore, AFOV
presents significant advantages over previous related works.

In conclusion, the main contributions of this work are:

• We introduce a novel and efficient two-stage annotation-
free training framework, AFOV, which comprehensively
utilizes state-of-the-art 2D open-vocabulary segmenta-
tion models for knowledge distilling.

• AFOV innovatively introduces TMP and AFI, addressing
the issues in previous works. Moreover, we introduce the
superpixel-superpoint into annotation-free 3D segmenta-
tion for the first time.

• Experimentally, our approach not only breaks through
in annotation-free semantic segmentation (Fig. 1), but
also notably outperforms prior state-of-the-art methods
in other downstream tasks (Fig. 2).

Related Work
CLIP-based 2D Open-Vocabulary Segmentation
2D open-vocabulary segmentation models aim to segment
all categories in the real world. Traditional open-vocabulary
image segmentation models (Zhao et al. 2017; Xian et al.
2019; Bucher et al. 2019) attempt to learn image embed-
dings aligned with text embeddings. Inspired by Visual Lan-
guage Models (VLMs), e.g., CLIP (Radford et al. 2021) and
ALIGN (Jia et al. 2021), which have demonstrated remark-
able performance in 2D tasks, recent studies have attempted
to transfer CLIP’s outstanding zero-shot segmentation capa-
bility to open-vocabulary tasks (Xu et al. 2023; Cho et al.
2023; Zhou, Loy, and Dai 2022; Yu et al. 2023; Li et al.
2022a; Ghiasi et al. 2022; Ding et al. 2022; Xu et al. 2022;
Liang et al. 2023). In notable works, LSeg (Li et al. 2022a)
learns pixel-level visual embeddings from CLIP, marking
the first exploration of CLIP’s role in language-driven seg-
mentation tasks. More recently, MaskCLIP (Zhou, Loy, and
Dai 2022) obtains pixel-level embeddings by modifying the
CLIP image encoder; SAN (Xu et al. 2023) augments CLIP
with lightweight side networks to predict mask proposals
and categories; CAT-Seg (Cho et al. 2023) proposes a cost-
aggregation-based method to optimize the image-text sim-
ilarity map. Additionally; FC-CLIP (Yu et al. 2023) inte-
grates all components into a single-stage framework using
a shared frozen convolutional CLIP backbone. These works
utilize CLIP as the central component of their network,
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granting them robust segmentation and recognition capa-
bilities, as well as an image-text-aligned structure. Conse-
quently, they can provide us with high-quality knowledge.

3D Representation Learning Based on 2D-to-3D
Knowledge Distillation
Unsupervised learning can be utilized for learning point
cloud representations. Mainstream 3D unsupervised pre-
training methods are mainly reconstruction-based (Boulch
et al. 2023; Lin and Wang 2022; Hess et al. 2023; Min
et al. 2023), or contrast-based (Li et al. 2022b; Xie et al.
2020; Zhang et al. 2021; Liu et al. 2021; Sautier et al. 2022;
Mahmoud et al. 2023; Liu et al. 2023). However, many
of these methods are constrained by the quantity of point
clouds, limiting their applicability to single-object or indoor
scene learning. Prior attempts, such as PointContrast (Xie
et al. 2020), DepthContrast (Zhang et al. 2021), SegContrast
(Nunes et al. 2022), and PPKT (Liu et al. 2021), have built
contrastive objectives on large-scale point clouds. Addition-
ally, SLidR (Sautier et al. 2022) adopts a novel approach by
leveraging a superpixel-superpoint correspondence for 3D-
to-2D spatial alignment, showing promising performance on
autonomous driving datasets. Built upon SLidR, SEAL (Liu
et al. 2023) employs VLMs to aid in superpixel generation.

Recently, inspired by the achievements of CLIP (Rad-
ford et al. 2021), numerous works have focused on repro-
ducing the excellent performance demonstrated by CLIP in
3D annotation-free tasks, not limited to pre-training. In 3D
scene understanding, CLIP2Scene (Chen et al. 2023b), sim-
ilar to OpenScene (Peng et al. 2023) and OV3D (Jiang,
Shi, and Schiele 2024), embeds the knowledge of CLIP
feature space into representations of 3D point cloud, en-
abling annotation-free point cloud segmentation; PLA (Ding
et al. 2023) and RegionPLC (Yang et al. 2023) accomplish
scene understanding through point-language alignment or
contrastive learning framework; VLM2Scenes (Liao, Li, and
Ye 2024) exploits the potential of VLMs; and CLIP2 (Zeng
et al. 2023) demonstrates perfect zero-shot instance seg-
mentation performance through language-3D alignment at
the semantic level and image-3D alignment at the instance
level. Unlike the others, Chen et al. (Chen et al. 2023a) uti-
lizes CLIP to generate pseudo-labels and uses SAM (Kir-
illov et al. 2023) to assist in denoising.

Method
Extracting Knowledge from CLIP-based 2D
Open-Vocabulary Segmentation Models
In perceptual approaches to unknown classes in 2D, un-
like zero-shot learning, open-vocabulary learning uses lan-
guage data as supervision. In terms of network structure,
MaskCLIP changes the image encoder of CLIP to propose
pixel-level representations instead of image-level. SAN pro-
poses a side adapter network attached to a frozen CLIP en-
coder; CAT-Seg employs a cost-aggregation-based method
to improve CLIP; FC-CLIP adds a decoder, mask generator,
in-vocabulary classifier, and out-vocabulary classifier after
freezing the CLIP backbone. In most cases, the mask genera-
tor operates independently of the class generator. Pixel-level

features generated by the modified CLIP-based network are
max-pooled for each mask, and the objective loss is com-
puted with the text features.

We can notice that, regardless of whether the CLIP back-
bone is frozen, whether the CLIP network’s architecture is
modified, or whether additional network structures are ap-
pended to the side or rear of the CLIP network, the essence
of these CLIP-based models lies in aligning image features
with text features through contrastive learning.

The aforementioned methods hold a similar view with
contrastive learning for point cloud pre-training. The dif-
ference is that the latter uses image-point cloud contrastive
learning (Liu et al. 2021; Sautier et al. 2022) (some of the
work uses data augmentation for single-modal contrastive
learning). Most of them use SLIC (Achanta et al. 2012),
SAM (Kirillov et al. 2023), and SEEM (Zou et al. 2024)
to guide mask segmentation and choose ResNet (He et al.
2016) as the image encoder, which means that mask segmen-
tation and mask feature generation are two completely inde-
pendent modules. This not only increases the training time
but also makes noise easily stack up across different mod-
els. At the same time, the lack of language guidance during
segmentation will lead to a more random mask granularity.
Fortunately, 2D open-vocabulary segmentation models per-
fectly address this issue, as we can not only extract labels
and image embeddings from them but also obtain segmenta-
tion with appropriate granularity.

To summarize, we extract four interrelated, syn-
chronously generated knowledge from CLIP-based open-
vocabulary segmentation models: 1) images’ segmentations
as masks MI from image set I; 2) corresponding labels LM

for MI ; 3) image features corresponding to MI , denoted
as FM ; and 4) text features FT . Each of the above knowl-
edge will play an important role in the following sections, as
shown in Fig. 3.

Baseline of AFOV
Given a point cloud P = {(pn, en)|n = 1, . . . , N}, where
pn ∈ R3 represents the 3D coordinates of a point, en ∈ RE

denotes the point’s features. L = {ln|n = 1, . . . , N} are
the labels of P and I = {ik|k = 1, . . . ,K} represents the
images captured by a synchronized camera at the same mo-
ment. In contrast to supervised methods, our task does not
utilize labels L during training. We choose to employ a sim-
ple way of generating pseudo-labels for point clouds with
the assistance of image segmentation: With masks MI =
{mr|r = 1, . . . , R} obtained from image set I as described
in the above section, we use the labels LM corresponding
to MI as the pseudo-label Lpseudo

pixel for pixels in every mask
mr ∈ MI . By leveraging known sensor calibration parame-
ters, we establish a mapping Γcamera←LiDAR to bridge the gap
between domains of point clouds and images. Pseudo-labels
Lpseudo
P = {lpseudo

n0 |n0 = 1, . . . , N0} for point clouds P are
generated through Lpseudo

pixel and mapping Γcamera←LiDAR. For a
3D backbone Fθp : RN×(3+L) → RN×D with the learnable
parameter θp, we train θp with pseudo-labels Lpseudo

P . Given
the sparsity of point clouds, it is obvious that Γcamera←LiDAR
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Figure 3: Overview of AFOV, which consists of two stages: Tri-Modal Pre-training (TMP) and Annotation-free training (AFOV-
baseline). Both stages leverage masks and mask labels extracted from 2D open-vocabulary segmentation models, while mask
features and text features are employed only in TMP. TMP enhances scene understanding through contrastive losses: superpixel-
superpoint loss LI−P and text-superpoint loss LT−P , while our baseline employs pseudo-labels to supervise the 3D network.
Additionally, to bridge dataset classes and open vocabularies, we introduce a class dictionary. The Approximate Flat Interaction
(AFI) optimizes the results by spatial structural analysis in a broad perception domain.

is not surjective. It is important to note that Γcamera←LiDAR
is also not injective, as the projection area of LiDAR is not
entirely covered by cameras, resulting in obvious pseudo-
label-blank areas in point cloud P . After knowledge distilla-
tion, these untrained regions exhibit label confusion, which
will be discussed in the next section.

To align open vocabularies with the stuff-classes of au-
tonomous driving datasets, we employ a class dictionary
C = {ci : [tci1 , . . . , tcinci

]|i = 1, . . . , NC}, where NC rep-
resents the number of stuff-classes. Texts belonging to the
same class tj1 , tj2 ∈ ci are uniformly mapped to the pseudo-
label corresponding to ci, which implies that points corre-
sponding to tj1 and tj2 are positive samples for each other.

Tri-Modal Contrastive Pre-training (TMP)

In this section, we introduce Tri-Modal contrastive Pre-
training (TMP). TMP innovatively integrates textual in-
formation into pre-training and removes the 2D backbone
through pre-generation of the features, demonstrating excel-
lent performance in both annotation-free training and fine-
tuning. The illustration of TMP can refer to Fig. 3.

Synchronous Generation of Knowledge To the best of
our knowledge, most existing 3D pre-training methods (Liu
et al. 2021; Sautier et al. 2022; Liu et al. 2023) gener-
ate masks and mask features asynchronously for 2D-3D
contrastive learning, which causes noise aggregation be-
tween different backbones. In TMP, we address this issue
by synchronously generating masks and features before pre-
training.

Figure 4: Illustrating two examples of potential ”self-
conflicts” based on SAM segmentation.

Integrating Textual Information in TMP We aim to in-
corporate text-3D contrastive learning into pretraining. For
different instances of the same category (e.g., Car A and
Car B), they share the same textual features but have differ-
ent image features. Theoretically, 2D-3D contrastive learn-
ing provides rich features from the instance level (needed
for pretraining); text-3D contrastive learning, on the other
hand, offers direct semantic embeddings for the 3D back-
bone from the semantic level (helpful for annotation-free
segmentation). So the design intention of TMP is: Can in-
tegrating textual information into pre-training accomplish
multiple tasks (pretraining and unannotated segmentation)?
Experiment removing text-3D contrastive learning is con-
ducted in Appendix B.
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”Self-Conflict” Regions with the same semantics may be
divided into multiple parts (in 2D or 3D). During contrastive
learning, different parts act as ”negative samples” to each
other, causing features of parts with the same semantics to
be pushed apart in the feature space. This phenomenon is
called ”self-conflict”. The usage of superpixels and super-
points for segmentation in SLidR (Sautier et al. 2022) is in-
spiring, which partly alleviates the issue of ”self-conflict”
caused by point-level point set partitioning (e.g. k-NN), such
as ”negative sample 1” in Fig. 4. In Appendix B, we conduct
an ablation study on the use of superpixels and superpoints,
and the results demonstrate their effectiveness.

However, the ”self-conflict” caused by the mask granu-
larity randomness of some VLMs has not been properly ad-
dressed, such as ”negative sample 2” in Fig. 4. For instance,
SAM (Kirillov et al. 2023) might separate the car-door and
car-window because SAM is unaware of the appropriate seg-
mentation granularity (both should belong to the same class:
”car”). This issue arises due to the lack of textual assistance.
When guided by the text, a 2D open-vocabulary segmenta-
tion model would treat the entire car as a whole, thereby
avoiding ”self-conflict”.

Superpixel-Superpoint Generation Given the point
cloud P and images I, we have generated masks MI and
use Γcamera←LiDAR to map the labels LM of masks to P . We
regard the set of pixels with corresponding points in the
same mask mr ∈ MI as a superpixel Spixel

r ∈ Spixel, while
the corresponding region of the point cloud as a superpoint
Spoint
r ∈ Spoint, Spixel and Spoint establish a bijection and

ensuring |Spixel| = |Spoint| = RS ≤ |MI | = R. Assuming
the point cloud backbone Fθp comes with an output head
Hp, we replace Hp with a trainable projection head H∗p ,
projecting the point cloud feature fp of p ∈ P into a
D∗-dimensional space such that DimfM = DimfT = D∗,
here fM ∈ FM and fT ∈ FT refer to mask features
and text features provided by the 2D open-vocabulary
semantic segmentation models. Firstly, we apply average
pooling and normalization to each group of pixel features
Fr0 = {fp|p ∈ Spoint

r0 } guided by superpoints to extract
the superpoint embeddings f p

r0 ∈ F superpoint. Then, we
normalize FM as the superpixel embeddings F superpixel and
consider the masks-corresponding text features as F text.
Finally, we employ a tri-modal contrastive loss to align
F superpixel − F superpoint, F text − F superpoint.

Tri-Modal Contrastive Loss Superpixel-guided con-
trastive learning operates at the object level or semantic
level, rather than at the pixel or scene level. The contrastive
loss between F superpixel and F superpoint is formulated as:

LI−P = L(Fsuperpixel, Fsuperpoint )

= − 1
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the cosine similarity and τ denotes the temperature coeffi-
cient. R′ is the mini-batch size.

Unlike the superpixel-superpoint contrastive loss, the
text-superpoint contrastive loss does not exhibit ”self-
conflict” on classes of a dataset. However, to ensure the uni-
formity of knowledge in TMP, we retained the class dictio-
nary C as discussed in Baseline of AFOV. In downstream
tasks, texts of the same class tj1 , tj2 ∈ ci should be con-
sidered as positive samples for each other, so treating the
point cloud regions corresponding to tj1 , tj2 as ”negative
samples” will inadvertently cause ”self-conflict”. Therefore,
for text tj0 ∈ ci, we utilize the text feature’s cosine simi-
larity ⟨ftj0 , ftjs ⟩ weighted for other texts in the same class
{tjs ∈ ci, js = {1, . . . , nci} ̸= j0} as ”semi-positive” sam-
ples to compute LT−P :
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where f t
i ∈ F text is the corresponding text feature.

Tri-modal contrastive loss is calculated as:

LTMP = αimageLI−P + αtextLT−P , (4)
αimage, αtext are weights for LI−P and LT−P .

TMP has the following advantages compared to previ-
ous pre-training methods: 1) TMP eliminates the need for
image encodings during pre-training. It does not require an
image backbone, which reduces the training time. 2) Addi-
tion of textual modality. Text-superpoint contrastive learn-
ing achieves semantic-level alignment, directly endowing
the point cloud backbone with semantic features. 3) Syn-
chronous generation of superpixels and F superpixel. This not
only controls segmentation granularity but also prevents the
aggregation of noise between different backbones.

Approximate Flat Interaction (AFI)
Through the previous two sections of AFOV, we noticed
three technical difficulties for annotation-free semantic seg-
mentation that need to be solved: 1) Unprojected point cloud
regions caused by differing or occluded fields of view (FoV)
among devices. This directly results in the region of the
point cloud outside the image FoV remains untrained for
long periods, thus the untrained area suffers from serious
label confusion. 2) Label noise in 3D. This arises from
matching errors between cameras and LiDAR, as well as
noise inherent in 2D open-vocabulary segmentation models.
Therefore, we need a robust error correction mechanism for
AFOV.

Inspired by Point-NN (Zhang et al. 2023), we propose
a non-parametric network for Approximate Flat Interaction
(AFI). AFI essentially expects points to interact only among
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points lying on approximate planes, thereby preserving la-
bels of relatively small objects, e.g., pedestrians, and vehi-
cles, within a broad perceptual domain. The process of AFI
is formulated as:

LAFI
P = AFI(Lpredict

P ,P, γ, (Lpseudo
P )), (5)

Lpredict
P represents the predictions in Baseline of AFOV,

and γ indicates the minimum similarity between the direc-
tions when their directional features interact. LAFI

P , on the
other hand, denotes the point cloud labels predicted by the
function AFI(·). Meanwhile, we can choose to assist op-
timization through the pseudo-labels Lpseudo

P generated by
2D open-vocabulary segmentation models. A more detailed
description of AFI(·) is stated in Appendix A.

During downsampling, AFI passes the directional features
of the sampled center point through layer-wise interactions
with neighboring points, and binds the correlation between
two points based on 1) whether the two points are rele-
vant in the same direction and 2) the tightness of the rele-
vance between correlated directions. Through four rounds of
downsampling, point-to-point interactions construct a net-
work that, apart from points at the junctions, AFI ensures the
surfaces formed by points on the same network approximate
planes, thus tightly controlling interactions among points.

AFI is a robust error correction mechanism for AFOV.
The advantages of AFI are evident. 1) Wide-sensing domain:
The perception domain for the point clouds with AFI is wide
and possesses strong spatial perception capabilities. 2) De-
tachability: The entire AFI is detachable, and the auxiliary
module for 2D images within the AFI is detachable. The ef-
fectiveness of AFI can be referenced in Appendix B.

Experiments
Experiments Setup

Datasets To validate the performance of our model, mul-
tiple experiments on two large-scale autonomous driving
datasets, nuScenes (Caesar et al. 2020) and SemanticKITTI
(Behley et al. 2019; Geiger, Lenz, and Urtasun 2012) were
conducted, as detailed in Comparison Results and Abla-
tion Study. In nuScenes, there are 700 scenes for training,
while the validation and test set each consist of 150 scenes,
comprising a total of 16 semantic segmentation classes. Dur-
ing pre-training, only the train set was utilized, while we
validated using specific scenes separated from the train set.
SemanticKITTI has 19 classes, with its 22 sequences parti-
tioned into specific train, validation, and test sets.

Implementation Details We followed the training
paradigm of SLidR (Sautier et al. 2022), employed
MinkowskiNet18 (Choy, Gwak, and Savarese 2019) as
the 3D backbone, and used a linear combination of the
cross-entropy and the Lovász loss (Berman, Triki, and
Blaschko 2018) as training objective in annotation-free and
downstream tasks. For 2D open-vocabulary segmentation
models, we employed FC-CLIP (Yu et al. 2023), SAN (Xu
et al. 2023), CAT-Seg (Cho et al. 2023) for both TMP and
annotation-free training, while using MaskCLIP (Zhou,
Loy, and Dai 2022) as a control group. The generation of

Method Annotation
Ratio

Image
Infer

3D
backbone mIoU

CLIP2Scene [CVPR’23] 0% X SPVCNN 20.80
Chen et al. [NeurIPS’23] 0% X MinkowskiNet 26.80
OpenScene [CVPR’23] 0% X MinkowskiNet 41.30

OpenScene-LSeg 0% X MinkowskiNet 35.50
OV3D [CVPR’24] 0% X MinkowskiNet 44.60
AFOV(ours)+SAN 0% X MinkowskiNet 47.73

OpenScene [CVPR’23] 0% ✓ MinkowskiNet 36.30
OpenScene-LSeg 0% ✓ MinkowskiNet 42.10

AFOV(ours)+SAN 0% ✓ MinkowskiNet 47.89
- 100% MinkowskiNet 74.66

Table 1: 3D annotation-free semantic segmentation results
(% mIoU) on nuScenes (Caesar et al. 2020) val set.

mask features and text features were synchronized with the
masks and mask labels. FC-CLIP (Yu et al. 2023) employed
panoptic segmentation, distinguishing different instances
on thing-classes. MaskCLIP (Zhou, Loy, and Dai 2022),
SAN (Xu et al. 2023), and CAT-Seg (Cho et al. 2023)
utilized semantic segmentation, not distinguishing instances
with the same semantics in both TMP and annotation-free
training. Their mask features are selected as the average
pool of pixel features in semantically identical regions. In
Tri-Modal contrastive Pre-training (TMP), our network was
pre-trained for 40 epochs on 4 V100 GPUs with a batch
size of 4, which takes about 80 hours. For annotation-free
training in Baseline of AFOV and other downstream tasks,
the network was trained for 5 epochs and 30 epochs on a
single V100 GPU, each task taking approximately 3 hours
and a batch size of 16. On a 4090 GPU, annotation-free
training for 5 epochs only took one hour. The temperature
coefficient τ in Eq. 1,2 was set to 0.07, and the optimal
results achieved for Eq. 4 when αimage = αtext = 0.5. In
Eq. 5, the minimum similarity γ between the directions
when their directional features interact, was set to 0.995,
implying that the maximum angular disparity of two interact
point features is about 5.7°. In the network structure of
AFI, downsampling was performed four times, with the
downsampling rate being 1/3 for the last three times.
Additional details about AFI are provided in Appendix A.

Comparison Results
Annotation-free Semantic Segmentation In Tab. 1, we
compare AFOV with the most closely related works on
3D semantic segmentation using the unannotated data of
nuScenes: CLIP2Scene (Chen et al. 2023b) designs a
semantic-driven cross-modal contrastive learning frame-
work; Chen et al. (Chen et al. 2023a) utilizes CLIP and SAM
for denoising; OpenScene (Peng et al. 2023) extracts 3D
dense features from an open-vocabulary embedding space
using multi-view fusion and 3D convolution; OV3D (Jiang,
Shi, and Schiele 2024) seamlessly aligning 3D point fea-
tures with entity text features. The optimal result of AFOV’s
single-modal annotation-free segmentation reaches 47.73%
mIoU, surpassing the previous best method by 3.13% mIoU.
Under image assistance, it achieves 47.89% mIoU. The gap
between AFOV and the fully supervised same backbone is
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Figure 5: Illustration of image segmentation results of various 2D open-vocabulary segmentation models. We observe that
MaskCLIP (pixel-level CLIP) exhibits label confusion and high error rates in semantic segmentation. The output of SEEM not
only suffers from missing masks but also contains incorrect mask annotations. More results are provided in Appendix D.

3D Initialization nuScenes KITTI
100%LP 1%Fine-tuning 1%Fine-tuning

Random 8.10 30.30 39.50
PointConstrast [ECCV’20] 21.90 32.50 41.10
DepthConstrast [ICCV’21] 22.10 31.70 41.50

PPKT [arXiv’21] 35.90 37.80 44.00
SLidR [CVPR’22] 38.80 38.30 44.60

ST-SLidR [CVPR’23] 40.48 40.75 44.72
Seal [NeurIPS’23] 44.95 45.84 46.63

VLM2Scene [AAAI’24] 51.54 47.59 47.37
ScaLR [CVPR’24] 42.40 40.50 -

AFOV-TMP(ours)+FC-CLIP 44.24 45.73 47.02
AFOV-TMP(ours)+CAT-Seg 43.95 46.61 48.14

AFOV-TMP(ours)+SAN 46.29 47.60 47.72
AFOV(ours)+FC-CLIP 52.92 50.58 45.86
AFOV(ours)+CAT-Seg 51.02 49.14 47.59

AFOV(ours)+SAN 56.35 51.75 46.60

Table 2: Comparisons (% mIoU) of different pre-training
methods pre-trained on nuScenes (Caesar et al. 2020) and
fine-tuned on nuScenes and SemanticKITTI (Behley et al.
2019). LP denotes linear probing with frozen backbones.

only -26.93% mIoU.
Compared to the multi-task capability of VLMs, state-

of-the-art 2D open-vocabulary segmentation models demon-
strate greater capability in specialized domains, as shown in
the Fig. 5. Selecting professional teacher models enhances
the performance of student models effectively.

Comparisons among 3D Pre-training Methods We
compared the performance of AFOV-TMP (only employ-
ing TMP) and AFOV (employing both steps) against other
state-of-the-art methods on multiple downstream tasks in
nuScenes and SemanticKITTI (all pre-trained on nuScenes),
as shown in Tab. 2. All methods utilized MinkowskiNet
as the 3D backbone. Most of the compared state-of-the-
art methods utilize point cloud-image contrastive learning.
SLidR (Sautier et al. 2022) and ST-SLidR (Mahmoud et al.
2023) employ superpoint-superpixel correspondence granu-

larity; ScaLR (Puy et al. 2024) scales the 2D and 3D back-
bones and pretraining on diverse datasets; while SEAL (Liu
et al. 2023), similar to VLM2Scenes (Liao, Li, and Ye 2024),
employs VLMs in distilling. Our approach achieved opti-
mal results with 1% data fine-tuning on nuScenes and Se-
manticKITTI, reaching 51.75% mIoU and 48.14% mIoU,
respectively, demonstrating a respective improvement of
+21.45% mIoU and +8.64% mIoU versus random initial-
ization. Compared to the previously best results, AFOV ex-
hibited enhancements of +4.16% mIoU and +0.77% mIoU,
respectively. Remarkably, the results of the fully supervised
linear probing task on nuScenes reached 56.35% mIoU, dis-
playing an improvement of +4.81% mIoU.

Ablation Study
We conducted a series of ablation experiments on nuScenes.
The ablation targets included different teacher models, TMP,
AFI, etc. The results obtained validate the effectiveness of
our designs, especially TMP and AFI. Please refer to Ap-
pendix B for details of the ablation study.

Conclusion
We propose AFOV, a versatile two-stage annotation-
free framework that serves for both 3D pre-training and
annotation-free semantic segmentation, achieving state-of-
the-art performance across multiple experiments. The key
to AFOV is to leverage the high-quality knowledge of 2D
open-vocabulary segmentation models. Moreover, We pro-
pose Tri-Modal contrastive Pre-training (TMP) and Approx-
imate Flat Interaction (AFI) for the first time.

We hope that our work will contribute to more in-depth
research on 2D-3D transfer learning. Additionally, to the
best of our knowledge, there is currently a lack of work on
annotation-free training in other 3D perception tasks such as
object detection, trajectory tracking, occupancy grid predic-
tion. We expect the emergence of other annotation-free 3D
perception approaches.
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