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Open-world 3D semantic occupancy prediction. (a) Supervision based on pseudo labels with fixed classes cannot predict
” and “vegetation”. (b) Similarity-based alignment suffers from significant mismatches

due to issues like modality discrepancy, leading to confusions between e.g. “sidewalk” and “driveable surface”. (c) Our proposed Adaptive
Grounding flexibly accommodates both known and unknown objects, achieving more precise open world occupancy prediction.

Abstract

Open-world 3D semantic occupancy prediction aims to
generate a voxelized 3D representation from sensor inputs
while recognizing both known and unknown objects. Trans-
ferring open-vocabulary knowledge from vision-language
models (VLMs) offers a promising direction but remains
challenging. However, methods based on VLM-derived 2D
pseudo-labels with traditional supervision are limited by a
predefined label space and lack general prediction capa-
bilities. Direct alignment with pretrained image embed-
dings, on the other hand, often fails to achieve reliable
performance because of inconsistent image and text repre-
sentations in VLMs. To address these challenges, we pro-
pose AGO, a novel 3D occupancy prediction framework
with adaptive grounding to handle diverse open-world sce-
narios. AGO first encodes surrounding images and class
prompts into 3D and text embeddings, respectively, lever-
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aging similarity-based grounding training with 3D pseudo-
labels. Additionally, a modality adapter maps 3D embed-
dings into a space aligned with VLM-derived image em-
beddings, reducing modality gaps. Experiments on Occ3D-
nuScenes show that AGO improves unknown object pre-
diction in zero-shot and few-shot transfer while achieving
state-of-the-art closed-world self-supervised performance,
surpassing prior methods by 4.09 mloU. Code is available
at: https://github.com/EdwardLeeLPZ/AGO.

1. Introduction

Robust 3D scene representations are essential to au-
tonomous driving systems, as they inherently encode rich
geometric and semantic details. One effective way for
achieving such representations is 3D semantic occupancy
prediction, which constructs voxelized structures with se-
mantic labels from sensor inputs. Although supervised ap-
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Figure 2. Modality gaps between image and text embeddings
in pre-trained VLMs. The similarity heatmap generated using
the image and prompt “car” only covers a small range of about 0.1
(with a peak of only 0.36), while the low resolution of the embed-
dings also results in spatial misalignment and semantic ambiguity.

proaches [4, 18, 27, 40, 43, 47, 55, 56] deliver strong per-
formance, their reliance on extensive 3D annotations within
closed label spaces restricts both training scalability and
generalization to unlabeled unknown objects.

Recent advances incorporate open-vocabulary knowl-
edge through vision-language models (VLMs) [52] to ad-
dress these limitations. As shown in Fig l.a and 1.b, sev-
eral works generate 2D semantic pseudo-labels for 3D self-
supervised training [15, 19, 51, 57], while others directly
align 3D features with VLM-derived 2D embeddings via
knowledge distillation [3, 42, 45]. However, most VLMs
are pre-trained on 2D vision-text data and lack explicit 3D
geometric reasoning, which poses challenges in transferring
their knowledge effectively. Additionally, limited closed la-
bel spaces and inherent modality gaps (Figure 2) can impair
both semantic fidelity and geometric completeness.

To address these issues, we propose Adaptive Grounding
for 3D Occupancy Prediction (AGO) illustrated in Fig-
ure l.c. Our method constructs voxel representations for
both closed-world and open-world objects and applies tar-
geted alignment strategies to bridge the gap between the
text and 2D image embeddings of the VLM. During train-
ing, VLM-generated pseudo-labels enable grounding be-
tween 3D voxel and text embeddings, enhanced by nega-
tive sampling of additional noise text prompts. A modality
adapter further maps 3D embeddings into a space aligned
with VLM-derived image embeddings, facilitating knowl-
edge transfer beyond predefined labels. During inference,
an open-world identifier selects the most reliable embed-
dings based on information entropy for the final occupancy
prediction.

Experimental results show that AGO outperforms the
state-of-the-art self-supervised methods on the Occ3D
dataset [43]. To further assess its open-world effective-
ness, we introduce a benchmark consisting of 3 stages: pre-
training on a limited label space, zero-shot evaluation on ex-
panded classes, and few-shot fine-tuning, all without man-
ual annotations. Our proposed AGO maintains strong per-
formance on known objects while achieving a clear advan-
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tage in predicting unknown objects, outperforming existing
closed-world self-supervised methods.

The contributions of this paper are as follows:

We introduce AGO, a novel open-world occupancy pre-
diction framework that adaptively distills knowledge
from pretrained VLMs into 3D perception for au-
tonomous driving.

We introduce grounding training with random text noise
as negative samples to enhance the discriminative power
of the 3D representation.

We design a modality adapter to mitigate the differences
between text and 2D image embeddings and an open
world identifier to adaptively select features for known
and unknown objects during inference in the open world.
Our method achieves state-of-the-art performance on the
closed-world self-supervised Occ3D-nuScenes bench-
mark and significantly outperforms existing methods in
open-world occupancy prediction.

2. Related Work

3D scene understanding To accurately capture 3D envi-
ronmental information, a common approach is to encode
LiDAR point clouds into a global representation for vari-
ous downstream tasks [9, 11, 12, 23, 39, 48, 50, 53, 54, 60].
Recently, vision-centric approaches have gained increasing
attention, extracting image features from perspective views
and lifting them into a BEV [17, 21, 26, 28, 35, 58] or
3D voxel representation [4, 6, 18, 27, 29, 34, 44, 46, 47,
49, 55, 56]. Among them, MonoScene [6] first attempts
to extract monocular 2D image features into 3D voxels us-
ing a line-of-sight projection, paving the way for future
works. Inspired by BEV-based models [21, 28, 58], TPV-
Former [18] introduced a tri-perspective view representa-
tion, complementing BEV with two additional perpendicu-
lar planes for richer spatial encoding. Subsequent methods
refine prediction accuracy by improving feature representa-
tion. OccFormer [55] enhances long-range and fine-grained
feature interactions through global-local path decoupling,
while VoxFormer [27] improves spatial consistency with a
coarse-to-fine strategy. However, these approaches heavily
rely on large-scale 3D annotations. The high cost of manual
labeling restricts their ability to adapt and scale to various,
constantly evolving open-world driving situations.

Multi-modal representation learning Multi-modal repre-
sentation learning has expanded the scope of visual tasks.
Building on early works [8, 24, 33, 41], CLIP [36] in-
troduced a dual-stream architecture with contrastive learn-
ing to align textual and visual modalities. Trained on 400
million image-text pairs, CLIP demonstrated strong zero-
shot capabilities and inspired further research into large-
scale cross-modal pre-training. As visual tasks became
more complex, GLIP [25] unified object detection and
phrase grounding by aligning visual regions with text de-
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Figure 3. AGO architecture. The upper part illustrates the generation process of 3D pseudo-labels and image embeddings based on
pre-trained VLMs during training. The lower part depicts the main architecture of our AGO framework, which comprises a frozen pre-
trained text encoder, a vision-centric 3D encoder, a modality adapter, and an open-world identifier. The detailed illustration in the middle
showcases our training paradigm, which consists of a noise-augmented grounding training and an adaptive image embedding alignment.

scriptors. Grounding DINO [30] extended this approach
with a transformer-based deformable attention mechanism.
MaskCLIP+ [59] leveraged pre-trained CLIP features for
pixel-level tasks, achieving zero-shot semantic segmenta-
tion through pseudo-labeling. More recently, Grounded
SAM [38] combined SAM [22] with Grounding DINO to
enable fine-grained segmentation using arbitrary text inputs,
showing strong potential for open-world applications. De-
spite their advances, these models are not designed for 3D
reasoning and require further adaptation for autonomous
driving.

Open-vocabulary occupancy prediction Recently, many
works have explored integrating multi-modal representa-
tions into 3D scene understanding to extend knowledge
boundaries with their open-vocabulary capabilities. One
common paradigm [1, 7, 15, 19, 31, 51, 57] is using 2D
pseudo-labels generated by pre-training multimodal mod-
els as supervision. OccNeRF [51] constructs unbounded
parameterized 3D occupancy fields and then renders these
fields into depth maps, supervised through multi-frame
photometric consistency. SelfOcc [19] follows the same
paradigm and proposes a MVS-embedded strategy to im-
prove depth optimization. But the above methods are lim-
ited by the closed label space and do not have the abil-
ity of open-world prediction. VEON [57] further im-
proves scene understanding by integrating pre-trained depth
estimation [37] and vision-language model (VLM) [36]
through delicate structure design and two-stage training.
Alternatively, some methods [3, 20, 45] directly align 3D
or reconstructed 2D features with multi-modal pre-trained
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embeddings. POP-3D [45] performs pixel-level alignment
of 3D features and pre-trained CLIP [36] image embed-
dings based on the LiDAR point cloud. GaussTR [20], on
the other hand, constructs a sparse 3D Gaussian represen-
tation and splats it in the image plane for 2D alignment,
reducing the dependence on LiDAR. However, these meth-
ods achieved suboptimal performance due to the modality
gaps within pre-trained models, low resolution, and incom-
plete scenes. In summary, developing a 3D occupancy pre-
diction framework that balances strong performance with
open-world generalization remains an urgent challenge.

3. Method

3D semantic occupancy prediction aims to convert sensor
inputs into a voxelized semantic representation of the envi-
ronment. The vision-centric model takes N,y surrounding
camera images I = {In}i\’g'; from a single timestamp as
inputs and outputs semantic voxels O € CH*XWxD '\where
H, W and D represent the spatial resolution of the 3D voxel
space, and C is the label space containing N classes.

As illustrated in Figure 3, our proposed AGO consists
of four modules. The text encoder converts label and noise
prompts into text embeddings. The vision-centric 3D en-
coder extracts 2D features from the input images and lifts
them into 3D voxel embeddings. The modality adapter
projects these embeddings into a semantic space aligned
with pretrained VLM image embeddings. Finally, the open
world identifier selects the most appropriate features for oc-
cupancy prediction in the open-world scenarios.



3.1. Model Structure

Text encoder To extend a fixed, closed label space into a
flexible, open semantic space, we take the labels as tex-
tual inputs and employ a text encoder to extract their se-
mantic information. Specifically, unlike the full sentences
used in traditional 2D visual grounding, we decompose
the given category labels into predefined finer-grained sub-
category phrases serving text prompts. These prompts
are then tokenized and further encoded into text embed-
dings by a pre-trained language model, e.g. BERT [10] in
MaskCLIP+ [59]. Besides, we randomly add noise prompts
by selecting phrases from a general dictionary. The re-
sulting noise embeddings serve as negative samples dur-
ing grounding training, thereby enhancing the discrimina-
tion capability of the model for closed-world objects. The
process described above can be summarized as:

FT = gT(T)a Fnoise = ET(Tnoise)a (1)

where Fp € RMNexXC and Foiee € RVwiexC N and
Npoise are the number of tokens of text prompts and noise
prompts, which are roughly the same. C' is the dimen-
sionality of text embeddings. We freeze the text encoder
throughout the training process, thus preserving its open-
vocabulary performance. Compared to traditional super-
vised learning, a clear advantage is that the label space does
not have to remain consistent between training and infer-
ence.

Vision-centric 3D encoder Our framework follows the
architecture of TPVFormer [18] to construct an efficient
3D representation. First, the surrounding images are fed
into an image backbone £; to obtain 2D perspective fea-
tures F3P = &£;(I). Next, a 3D encoder lifts these F3P
to mutually orthogonal tri-perspective views FTPV
[V FPHFYP] = &p(FP). Finally, they are ex-
panded and superimposed to form the full 3D embeddings
F3P € REXWXDXC ‘where C denotes their feature dimen-
sionality, identical to above text embeddings. This process
can be formulated as:

FP = &p(E(T)). (2)

3.2. Adaptive Grounding

To achieve precise closed-world occupancy prediction
while also enabling open-world transfer, we propose adap-
tive grounding that decouples training for known and un-
known categories through grounding training and adaptive
alignment, respectively.

Closed-world grounding training For known categories,
we construct 3D voxel pseudo-labels from 2D semantic
masks generated by a pre-trained VLM [38]. Specifically,
we define the label space according to common autonomous
driving scenarios [3, 45, 57] and use the label phrases as text
prompts to generate corresponding 2D semantic masks of
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the surrounding images. These masks are then transformed
into 3D occupancy pseudo-labels Op € CHXWxD yig
the geometric correspondence between LiDAR point clouds
and camera pixels. By incoporating the post-processing of
multi-frame aggregation, point cloud ray casting, and se-
mantic voting, this process produces a more comprehen-
sive 3D semantic scene than what single-frame 2D super-
vision can achieve, thereby enhancing closed-world self-
supervised performance.

Traditional classifiers trained on pseudo-labels can only
distinguish known categories and require retraining to rec-
ognize unlabeled objects. Instead, we adopt grounding
training by directly comparing the 3D voxel features F3P
with text embeddings Fr and noise embeddings Fgise. In
order to represent free (unoccupied) voxels, we also intro-
duce a learnable embedding Fg.. with the same dimen-
sion C' as Fp. These embeddings are concatenated into
Frinoisetfree = [FT; Fhoises Ffree]~ We then compute the
voxel-wise similarity score by taking the dot product:

s = F?}D ’ F;—i-noise-ﬁ—free' 3)
The resulting S3° € R XWX Dx (NokentNuoise+1) gcts as gen-
eralized logits, allowing us to apply standard occupancy
prediction losses used in traditional supervised training.

We follow TPVFormer [18], using a combination of
the cross-entropy loss and the Lovasz-softmax loss [2] for
grounding training:

EGrounding = ECE(SS?mv Opl) + ELovész(SgeDma Opl)7 with
1
Sk = > S’ 4
sem, k |77<‘ i ( )

i€Th

where 7T denotes the set of token indices for category k
and |7y is the number of tokens in the set. We average the
scores {S3P} from tokens belonging to the same category
to form the semantic logits for both text and noise inputs.

Furthermore, we incorporate an occupancy loss to bal-
ance the occupied and free space:

3D :
‘COCC = ECE(Sbinarya Obinary)v with

3D S3D \ S3D

Sbinary = [max( sem sem, noise+free

if Oy = fi
Obinary = {0 ' vl e

1 otherwise
Open-world adaptive alignment While grounding is an ef-
fective closed-world training paradigm, it cannot recognize
unknown objects beyond fixed pseudo-labels. In contrast,
VLMs benefit from large-scale pretraining and produce im-
age embeddings with richer semantics that implicitly rep-
resent unlabeled objects in autonomous driving scenes. By
using similarity-based alignment, these embeddings can be
distilled into 3D representations, expanding their semantic

); Sggn, freeL

®)



scope. However, as shown in Section | and Figure 2, align-
ment alone yields limited prediction performance. A more
promising approach is to combine similarity-based align-
ment with the grounding paradigm described above.

One straightforward implementation is to apply both loss
functions simultaneously to the same 3D embedding. How-
ever, since the two alignment objectives target different
modalities—text and vision—naively adding their losses
can lead to modality conflicts during training, ultimately
degrading performance. This is also supported by the ex-
perimental comparison in Table 3.

To address these issues, we propose an adaptive align-
ment mechanism that assists grounding training to solve
the unknown object prediction. We first map the 3D
embeddings F3P into a new semantic space as F3? €
RHXWXDXC They are then aligned with the image em-
beddings of a pre-trained VLM, e.g. MaskCLIP+ [59], dis-
tilling the semantic-rich information contained in the im-
age embeddings into 3D. Specifically, the 2D image em-
beddings E2P € RH1*WixC are projected into the 3D vox-
els E3P € REXWXDXC following the same geometric pro-
jection used for pseudo-label generation. Here, we employ
a lightweight MLP as the modality adapter (M.A):

Fi® = MA(FP). (6)

For the alignment loss, we adopt cosine similarity. It
computes the loss on non-empty voxels visible in the cam-
era views, thereby avoiding mismatches due to occlusion.

1

Vo] (1= cos(F, ER)) . ()

€ Vyisible

EAlignment =

where Vyisipie denotes the set of visible non-empty voxels.
Finally, the overall loss function is formulated as:

®)

Lot = EGrounding + Loce + EAlignment-

3.3. Inference in the Open World

We propose an open world identifier for balanced decision-
making between grounding and adaptive alignment in oc-
cupancy prediction. For each voxel v € V, it compares
the similarity obtained from both 3D embedding and adap-
tive 3D embedding to determine which one to use for the
final prediction. Specifically, we compute the dot products
(83, and S3D. ) between query text embeddings and the
3D embeddings as well as adaptive 3D embeddings accord-
ing to the formula Eqs. (3, 4). They are then passed through
the softmax function and become the confidence scores (P,
and P,) for the voxel belonging to a particular category.
Based on statistical analysis in Figure 6 and experimen-
tal verification in Table 4, we use minimum information en-
tropy as the criterion: By comparing the entropy of P,, and
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P, , we select the probability distribution with lower en-
tropy:

Pﬁnal,v = CUP’U + (1 — Cv)f)v, with
c, = L(H(P,) < H(P,) ©)

where I(-) is the indicator function, ¢, represents the crite-
rion for voxel v and H(-) denotes the entropy.

4. Experiments

4.1. Experimental Settings

Dataset and metrics Our experiments are conducted on the
Occ3D-nuScenes benchmark [43], which is derived from
the nuScenes dataset [5] that consists of 700/150/150 scenes
for train/val/test splits, totaling 40,000 frames. This bench-
mark uses nuScenes sensor data and each frame includes
six-camera images and a 32-beam LiDAR point cloud.
Occ3D-nuScenes provides voxelized 3D semantic occu-
pancy labels with a spatial range of [-40m, 40m]x[-40m,
40m] x[-1m, 5.4m] and a resolution of 0.4mx0.4m x0.4m.
We evaluate performance using per-category IoU and the
overall mloU.

Task settings We evaluate baselines and our method under
two settings. The self-supervised task follows the Occ3D-
nuScenes benchmark [43] but only uses pseudo-labels dur-
ing training. In the open-world task, we simulate real-world
conditions by gradually expanding the label space. As
shown in Table 2, the model is first pretrained with pseudo-
labels with only five major categories (the first five columns
in green and blue), with the last two being supercategories
composed of multiple nuScenes classes. It is then evalu-
ated in zero-shot settings on the full Occ3D label space. By
this time, the supercategories (blue) are split into their orig-
inal classes (orange) and the remaining classes are added as
fully unknown categories (red). Afterwards, the model is
fine-tuned based on a small number of samples to validate
few-shot generalization ability of unknown classes. Further
details are provided in the supplementary material.
Implementation details We use TPVFormer [18] with
ResNet-101 [16] image backbone as the vision-centric 3D
encoder. It produces a voxel grid with the shape 200 x 200 x
16. Moreover, we adopt BERT [10] with MaskCLIP+ [59]
pre-trained weights as the text encoder. For higher reso-
lution, we utilize the MaskCLIP+ [59] image features up-
sampled by FeatUp [13] as 2D image embeddings. For the
modal adapters in AGO, we use a 2-layer MLP with a soft-
plus activation. Given its superior mask quality, we employ
Grounded SAM [38] to generate 2D pseudo-labels. During
training, we utilize the AdamW [32] optimizer with a learn-
ing rate of 10~2 as well as the cosine learning rate sched-
uler, which starts with a linear warm-up from 10~5 for 500
steps and finishes at 10, For self-supervised training and
open-world pre-training tasks, we train our model for 24
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Method Image Backbone | MW u | | | | | | | | ] u | ] g g
SimpleOcc [14] ResNet-101 0.00 0.67 1.18 321 7.63  1.02 0.26 1.80 026 1.07 2.81 4044 0.00 1830 17.01 1342 10.84 | 7.99 7.05
POP-3D1 [45] ResNet-101 006 002 046 183 4.87 0.00 0.00 1.29 0.00 0.65 262 5590 1.60 9.99 2517 1575 21.11 | 942 83l
SelfOcc [19] ResNet-50 000 0.15 066 546 1254 0.00 080 210 000 000 825 5549 0.00 2630 2654 1422 5.60 | 1054 9.30
OccNeRF [51] ResNet-101 000 083 082 513 1249 350 023 310 184 052 390 5262 000 2081 2475 1845 13.19 | 10.81 9.53
GaussianOcc [15] Swin 000 179 582 14,58 1355 130 282 795 976 056 9.61 4459 000 20.10 17.58 8.61 1029 | 11.26 9.94
GaussTR [20] VFMs 0.00 209 522 14.07 2034 570 7.08 512 393 092 1336 3944 000 1568 2289 21.17 21.87 | 1326 11.70
LangOcc [3] ResNet-50 0.00 3.10 9.00 630 1420 040 1080 620 9.00 380 1070 43.70 223 950 2640 19.60 26.40 | 13.27 11.84
VEON [57] ViT-L 090 1040 620 17.70 1270 850 7.60 650 550 820 11.80 5450 040 2550 30.20 2540 2540 | 17.07 15.14
AGO (ours) ‘ ResNet-101 ‘ 153 675 643 1400 22.82 557 16.66 1320 6.80 10.53 15.89 7148 448 3448 41.37 29.33 25.66 ‘ 21.39 19.23

Table 1. 3D occupancy prediction performance under the self-supervised setting on the Occ3D-nuScenes [43] dataset. The full
names of all abbreviated categories can be found by color in Figure 4. “VFMs” stands for the ensemble of multiple vision foundation
models. T indicate values obtained from our retraining. We also calculate the result as “mIoU*” ignoring the “other” and “other flat”
categories, while “mlIoU” is the original result. Results are highlighted in bold & underlined for the best performance and bold for the

second-best performance.
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Training Stages | Method | | | | | | | | | | a | | | | | | | | El £
POP-3D1 [45] 0.00 58.77 13.80 | 8.27 1.10 | 16.39 - - - - - 0.00 0.00 3.95 0.13 0.60 | 0.94 | 8.66
Pretraining SelfOccf [19] 098 6029 14.68 | 7.11 0.00 | 16.61 - - - - - 0.00 0.00 0.00 0.00 0.00 |0.00 | 831
GaussTRT [20] | 6.11  60.06 18.02 | 6.77 225 | 18.64 - - - - - 0.00 0.00 4.95 0.07 8.05 | 2.61 | 10.63
AGO (ours) 7.82 63.09 2553 |9.19 5.03 | 2213 - - - - 0.00 0.00 7.04 0.03 10.88 | 3.59 | 12.86
POP-3DT [45] 0.00 58.77 13.80 - - 24.19 672 0.00 0.00 0.59 434 1.17 120 | 0.00 0.00 3.95 0.13 0.60 | 1.56 | 6.08
Zero-shot SelfOcct [19] 098 6029 14.68 - - 2523 000 0.00 0.00 0.00 0.00 0.00 0.00| 0.00 0.00 0.00 0.00 0.00 | 0.00 | 5.06
Evaluation GaussTRT [20] | 6.11  60.06 18.02 - - 28.06 5.07 1.65 000 004 184 258 027|000 000 4.95 0.07 8.05 | 2.04 | 7.25
AGO (ours) 7.82 63.09 2553 - - 3215 7.67 0.00 0.00 133 6.50 4.50 0.00 | 0.00 0.00 7.04 0.03 10.88 | 3.16 | 8.96
POP-3D1 [45] 0.00 4490 12.79 - - 19.23 559 0.03 0.00 029 205 126 1.03| 000 000 5.72 0.21 6.75 | 191 | 537
Few-shot SelfOccf [19] 7.85 65.65 2529 - - 3293 141 0.00 000 001 0.00 0.00 000|000 000 363 604 1096 | 1.84 | 8.06
Finetuning GaussTRT [20] | 7.84 66.36 25.55 - - 3325 1085 1.58 0.00 0.00 1.32 142 0.00 | 0.00 0.00 1274 9.12 8.16 | 3.77 | 9.66
AGO (ours) 13.00 71.54 2991 - - 3815 1873 549 0.00 041 216 3.72 222|043 0.00 29.63 21.43 17.73 | 8.50 | 14.43

Table 2. 3D occupancy prediction performance under the open-world setting on the Occ3D-nuScenes [43] dataset. T indicate values
obtained from our retraining. The background color represents whether the category is known or unknown during the pre-training stage:

green and blue indicate known IoU, orange and red indicate unknown IoU. The orange categories are the refined version of the

blue categories. Results are highlighted in bold for the best performance.

epochs following the Occ3D [43] setting, while for open-
world fine-tuning tasks, we train our model for 12 epochs.
All experiments are conducted on 8 x NVIDIA A100 GPUs
with a batch size of 1 per GPU. Further details can be found
in the supplementary material.

4.2. Results and Analysis

Closed-world self-supervised benchmark Table | shows
the prediction performance of AGO in the closed-world
self-supervised task. Our method demonstrates notable per-
formance improvement, surpassing the previous best ap-
proach [57] by 4.09 mloU. Notably, AGO not only ob-
tains significant gains in many static classes (e.g. +15.58
in “driveable surface”, +8.18 in “sidewalk™, +11.17 in “ter-
rain”), but also achieves the state of the art in dynamic cate-
gories (e.g. +2.48 in “car”, +5.86 in “motorcycle”, +5.25 in
“pedestrian”, +2.53 in “truck”). Unlike methods that rely on
volume rendering or Gaussian splatting for 3D-to-2D pro-
jections, AGO directly optimizes 3D voxel features without
requiring specific voxel settings [51], additional learnable
modules [3], or complex consistency losses [15, 19, 20].
Some approaches also directly integrate large pretrained
foundational models [20, 57], leading to high computational

costs (e.g., VEON [57] with 678.1M parameters). In con-
trast, AGO achieves the state-of-the-art performance with-
out relying on delicate training setting or large-scale mod-
els (requiring only 62.5M parameters). Additionally, we
present the qualitative results. As shown in Figure 4, our
method can produce more accurate predictions for dynamic
objects and long-tailed classes. These results highlight the
robustness and effectiveness of AGO in learning accurate
3D semantic occupancy representations in a closed-world
setting.

Open-world evaluation and analysis We evaluate the gen-
eralization capability of AGO in the open-world task, as
shown in Table 2. To compare the open-world prediction
performance of different training paradigms, we selected
POP-3D [45], SelfOcc [19] and GaussTR [20] as baselines.
POP-3D and GaussTR represent image embedding align-
ment methods, while SelfOcc relies on predefined closed-
set pseudo-labels for supervision. During pretraining (first
four rows in Table 2), AGO maintains strong performance
on known classes (22.13 mloU) while also achieving non-
trivial prediction for unknown categories such as 7.04 IoU
for “terrain” and 10.88 IoU for “vegetation”. SelfOcc, re-
stricted by its fixed label space, completely fails to predict
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Figure 4. Visualization of self-supervised 3D semantic occupancy prediction on the Occ3D-nuScenes occupancy benchmark. Our
method demonstrates more detailed predictions for dynamic (“pedestrian”) and long-tailed (“barrier”) objects.

Single-view Image Pretraining Zero-Shot Evaluation Few-Shot Finetuning Ground Truth

= o O

Figure 5. Visualization of Open-world Zero-&Few-Shot Transfer. Our method can not only adapt to category changes from coarse to
fine but also easily accommodate newly introduced, previously unknown categories with only a small amount of few-shot fine-tuning.

unknown classes, yielding 0 mloU across all of them. POP- Training mloU
3D, despite leveraging a pre-trained VLM, struggles due Paradigm | Self. O.W. Pre. OW.ZS. OW.FS.
to the lack of geometric and semantic cues in its pseudo- ’gig“ ig-gg 21;?//(?'08//18613 §§3f (l)gj z-g 32;:‘/’ ;60//18611

. 10. . . A . ! . . . B .
labels, reaching only 0.94 mIoU on average for unknown Gro. + Align | 1889 183/22/102 293/1.4/70 37.3/5.7/12.0
categories. Thanks to the multiple integrated foundation AGO 1923 22.1/3.6/129 322/32/9.0 382/85/14.4
models, GaussTR obtains better results but still performs
lower than the 12.86 mIoU achieved by AGO. Table 3. Ablation study of training paradigm. “Self.” is short

Wh luated i hot setti ith splitti for Self-supervised and “O.W.” for Open World. “Pre.”, “Z.S.” and
en evaluated in a zero-shot setting with splitting “FE.S.” represent three open-world stages: pretraining, zero-shot

supercategories into original classes, AGO outperforms evaluation and few-shot finetuning. Each of their corresponding

POP-3D with IoU impr(.)vements O.f "_‘0-95 (“car”), +2.16 items is composed of three parts: known mIoU / unknown mIoU
(“truck”), and +3.33 (“bicycle”). Similarly, GaussTR also /mloU. The “Gro.” here stands for Grounding.

struggles in these categories. Notably, the IoU scores of
“truck” (6.50) and “bicycle” (4.50) even surpass those of both known and unknown categories, with gains of +6.00

several methods in the closed-world benchmark Table 1. and +5.34 in mIoU, respectively, demonstrating its superior
Although the closed-world SelfOcc may capture semantic few-shot transfer capability in the open-world task.
similarity, they are not trained on the new labels of supercat- As shown in Figure 5, AGO generalizes effectively in
egories and thus cannot handle the coarse-to-fine category zero-shot supercategory expansion (e.g., vehicle — car &
transition. truck). Few-shot fine-tuning further refines subcategory
Few-shot transfer aims to expand the knowledge of the completeness while improving recognition of novel classes
model with minimal additional labeling. We fine-tune all like “manmade” and “vegetation”. Overall, AGO balances
methods using a small amount of supercategories data. open-world adaptability with strong closed-world perfor-
POP-3D, relying only on alignment, shows little improve- mance.
ment and overfits image embeddings, leading to a 4.95 .
mloU drop in known classes (24.19 mIoU to 19.23 mloU). 4.3. Ablation Study
SelfOcc also struggles in the open-world task, achieving Training paradigm Table 3 compares different train-
only a +1.84 mloU gain for unknown categories. While ing paradigms in both closed- and open-world settings.
GaussTR benefits from fine-tuning, its alignment-based Similarity-based alignment with image embeddings from
training limits improvement to just 2.41 mloU. Our ap- pre-trained VLMs is currently the common practice for self-
proach, in contrast, achieves consistent improvements in supervised occupancy prediction. To analyze its effective-
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Open World Discrimination Open World
Identifier Criteria Pretraining mloU  Zero-shot mIoU
X \ None | 222/1.1/117 32.8/1.6/7.8
v Max Confidence 22.4/3.1/12.8 32.6/2.8/8.7
v Min Entropy 22.1/3.6/12.9 32.2/3.2/9.0

Table 4. Ablation study of open-world inference strategy.

Method ‘ Noise Prompts ~ Locc Self-supervised

IoU mloU
AGO | | 53.10 18.01
AGO v | 55.18(+2.08)  18.97 (+0.96)
AGO v v | 5545(+0.27)  19.23 (+0.26)

Table 5. Ablation study of architecture components.

ness, we replace Lgrounding in AGO with a cosine similarity
loss and remove the modality adapter (denoted as “Align”).
Additionally, we evaluate a pure grounding approach with-
out the modality adapter (“Gro.”) and a hybrid approach
that applies both grounding and alignment to the same 3D
embeddings (“Gro.+Align”). As shown in Table 3, align-
ment alone is not competitive in either setting, as the modal-
ity gap, low resolution, and incomplete scene representation
of image embeddings limit prediction capability Ground-
ing alone improves known category prediction but almost
fails for unknown objects, yielding unknown mloU scores
of only 0.0 and 0.3 in pretraining and zero-shot evaluation.
When both grounding and alignment are applied to the same
embedding, the 3D representation is forced to adapt to text
and image embeddings simultaneously. This conflict results
in a 0.19 mloU drop in the self-supervised setting and over
a 1 mloU decrease in known categories for the open-world
task. These findings indicate that simply combining losses
is insufficient to address modality conflicts. In contrast, our
proposed adaptive grounding alleviates these gaps, leading
to more robust prediction performance in both closed- and
open-world scenarios.

Open-world inference strategy Table 4 compares the im-
pact of the open world identifier and different criteria. Since
fine-tuning provides pseudo-labels for all categories, we fo-
cus on pre-training and zero-shot evaluation. Even with-
out an identifier, the model demonstrates some open-world
prediction capability through adaptive grounding. We also
observe differences in prediction distributions between the
original and adaptive 3D embeddings. As shown in Fig-
ure 0, adaptive 3D embeddings generally exhibit lower in-
formation entropy for unknown categories. Similar differ-
ence also exists in the maximum confidence distribution.
Based on this, we design an open world identifier with two
criteria to further leverage the general perception capability
of adaptive 3D embeddings (see the supplementary mate-
rial for further details.). As shown in Table 4, both criteria
improve unknown category prediction while minimally af-
fecting known categories. The minimum entropy criterion
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Figure 6. Average information entropy for each class.

provides a slightly higher gain (3.6 vs. 3.1 unknown mloU
in pretraining) compared to the confidence-based approach.

Architecture components Table 5 highlights the impact
of Lo and the use of additional random noise prompts.
Since these components affect overall occupancy predic-
tion performance regardless of task settings, we report com-
parisons based on self-supervised training. Although post-
processing techniques such as multi-frame aggregation and
ray casting are applied, the pseudo-labels remain spatially
incomplete. The occupancy loss, Lo, helps balance the
free and occupied voxels during training, leading to im-
provements in both IoU and mloU. The incorporation of
noise prompts as negative samples in grounding training op-
timizes the semantic space, thereby enhancing the discrimi-
native capability of the 3D embeddings. Random sampling
strategy from a general dictionary further reduces potential
conflicts between noise prompts and label prompts, result-
ing in a 0.26 mIoU improvement.

5. Conclusion

In this paper, we proposed AGO, an effective 3D seman-
tic occupancy prediction framework for open-world sce-
narios in autonomous driving. By integrating grounding
training with noise prompts, our AGO refines 3D features
to achieve enhanced discriminative power. The adaptive
projection effectively transfers knowledge from pretrained
VLMs, avoiding the impact of the modality gaps, while an
open-world identifier based on information entropy ensures
robust voxel selection for both known and unknown objects.
Experiments on the Occ3D-nuScenes dataset demonstrate
that AGO outperforms previous methods in both closed-
world self-supervised tasks and open-world settings. While
promising, there are still research directions to be explored
in the future, such as better integration of temporal sequence
information and the usage of semantic-rich text prompts for
grounding training. Nevertheless, AGO offers a promis-
ing solution for 3D scene understanding in real-world au-
tonomous driving applications.
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