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Figure 1. We aim to build a foundation model for 4D segmentation by introducing three interconnected components: (a) a promptable
multi-modal segmentation task, extending segmentation to both camera and LiDAR streams; (b) a segmentation model (SAM4D) that
enables 2D-3D joint segmentation with cross-modal prompting and temporal alignment; and (c) an automatic data engine for constructing
Waymo-4DSeg, a large-scale dataset with over 300k camera-LiDAR associated masklets, providing pseudo labels for SAM4D training.

Abstract

We present SAM4D, a multi-modal and temporal founda-
tion model designed for promptable segmentation across
camera and LiDAR streams. Unified Multi-modal Posi-
tional Encoding (UMPE) is introduced to align camera
and LiDAR features in a shared 3D space, enabling seam-
less cross-modal prompting and interaction. Additionally,
we propose Motion-aware Cross-modal Memory Attention
(MCMA), which leverages ego-motion compensation to en-
hance temporal consistency and long-horizon feature re-
trieval, ensuring robust segmentation across dynamically
changing autonomous driving scenes. To avoid annotation
bottlenecks, we develop a multi-modal automated data en-
gine that synergizes VFM-driven video masklets, spatiotem-
poral 4D reconstruction, and cross-modal masklet fusion.
This framework generates camera-LiDAR aligned pseudo-
labels at a speed orders of magnitude faster than human
annotation while preserving VFM-derived semantic fidelity
in point cloud representations. We conduct extensive ex-
periments on the constructed Waymo-4DSeg, which demon-
strate the powerful cross-modal segmentation ability and
great potential in data annotation of proposed SAM4D.

†: Equal contribution. B: Corresponding author.

1. Introduction

Segment Anything Model (SAM) [16] has emerged as
a foundation model for promptable visual segmentation,
demonstrating strong generalization in diverse image do-
mains through user-defined prompts such as points, boxes,
and masks. Building on this, SAM2 [37] extends segmen-
tation to videos by incorporating a data engine for large-
scale video annotation and a streaming memory mechanism
for real-time processing. These advances highlight the po-
tential of promptable segmentation in various downstream
tasks [5, 7, 28, 29, 46]. However, existing methods remain
limited to the image and video domains without consider-
ing other sensor modalities crucial for safety-critical appli-
cations such as autonomous driving.

Achieving higher levels of autonomy in driving systems
requires robust multi-modal perception [26, 59, 63], where
cameras and LiDAR synergistically compensate for each
other’s limitations, particularly in challenging conditions
such as low visibility or poor lighting [11, 56]. Although
active depth sensing of LiDAR provides precise geometric
priors and enables direct temporal feature association, exist-
ing segmentation models for LiDAR perception [25, 31, 68]
remain largely frame-centric. To the best of our knowledge,
no prior work has systematically leveraged cross-modal
spatial consistency across synchronized LiDAR scans and
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camera streams for both 2D and 3D segmentation. These
oversights limit the efficacy of joint image and LiDAR an-
notation, where temporal and cross-modal cues is critical to
resolve ambiguities and insufficient observations.

To reduce annotation costs and improve multi-modal
segmentation efficiency, we introduce the Promptable
Multi-modal Segmentation (PMS) task, which enables seg-
mentation across camera and LiDAR sequences based on
prompts (e.g., points, boxes, or masks) from both modal-
ities. Furthermore, cross-modal prompting is introduced,
allowing a query in one modality (e.g., an image prompt) to
guide segmentation in another (e.g., LiDAR).

Based on PMS task, we propose SAM4D, the first
promptable multi-modal segmentation model for camera
and LiDAR streams, unifying multi-modal and tempo-
ral segmentation within a single framework. Specifically,
SAM4D is built upon a multi-modal transformer architec-
ture, integrating Unified Multi-modal Positional Encoding
(UMPE) for spatial alignment and Motion-aware Cross-
modal Memory Attention (MCMA) for temporal consis-
tency. With UMPE, SAM4D explicitly fuses image and
LiDAR features in a shared 3D space, enabling seamless
cross-modal prompting and interaction through unified po-
sitional encoding. Additionally, MCMA incorporates ego-
motion compensation, ensuring accurate temporal feature
alignment and enhancing long-horizon object tracking in
dynamic environments. By integrating multi-modal fea-
ture fusion, temporal reasoning, and cross-modal interac-
tion, SAM4D is expected to significantly reduce manual la-
beling efforts while ensuring robust and temporally consis-
tent segmentation in driving scenarios.

To train SAM4D, we construct Waymo-4DSeg, a large-
scale multi-modal segmentation dataset based on the
Waymo Open Dataset [42], designed to provide high-
quality, temporally consistent pseudo-ground truth. Our
proposed multi-modal data engine enhances 2D-3D joint
annotation by integrating vision foundation model (VFM)-
based video masklet generation, 4D reconstruction for Li-
DAR pseudo-labeling, and cross-modal label fusion. In
contrast to previous methods [31, 68] that focus on inde-
pendent frame annotations, our approach uses a sequence-
level propagation strategy, ensuring temporal consistency
and cross-modal coherence. This significantly improves
annotation efficiency and accuracy, making Waymo-4DSeg
a key benchmark for training and evaluating promptable,
multi-modal, and temporally aware segmentation models
for autonomous driving. Extensive experiments are con-
ducted with Waymo-4DSeg and unseen dataset under dif-
ferent challenging settings, which demonstrate the strong
performance and generalizability of SAM4D in promotable
multi-modal segmentation.

2. Related Work
Image and LiDAR Segmentation. Segment Anything
(SAM) series [16, 37] introduced a foundation model for
image and video segmentation, capable of generating masks
based on diverse prompt types while demonstrating strong
generalization across various datasets. Subsequent work
has focused on improving the granularity of SAM seg-
mentation [15] and efficiency [58, 62, 66], optimizing its
performance for finer segmentation tasks. In addition, re-
searchers have explored the applicability of SAM in vari-
ous 2D downstream tasks [5, 28, 29, 46] and LiDAR point
clouds [14, 25, 31, 60]. Liu et al. [25] proposed distill-
ing 2D segmentation masks from SAM into LiDAR-based
networks to enhance 3D segmentation performance. Other
methods [14, 60] project SAM-generated 2D masks into 3D
space for further refinement. Approaches such as SAL [31]
and PointSAM [68] attempt to build SAM-like promptable
segmentation networks directly on point clouds, designing
architectures specifically for 3D data. There are also stud-
ies [12, 13] that explore the accumulation of sequential Li-
DAR point clouds for interactive segmentation that lever-
ages temporal consistency by aggregating point cloud infor-
mation over multiple frames. However, the above methods
remain modality-specific, focusing on either image segmen-
tation or LiDAR segmentation in isolation. In contrast, our
work is the first to unify image and LiDAR segmentation
within a single framework.
Multi-Modal Perception in Driving. Recent works have
explored multi-modal fusion strategies for Cameras and Li-
DAR in different spatial representations to improve detec-
tion [8, 21, 26, 59, 63], segmentation [4, 17, 30, 41, 49, 50,
55], and occupancy prediction [18, 32, 48, 51–53, 65] in au-
tonomous systems. Bird’s-Eye View (BEV) fusion [22, 26]
has gained popularity, where image and LiDAR features
are projected into a unified BEV space to facilitate spa-
tial reasoning. Meanwhile, voxel-based fusion [21, 48, 65]
operates directly in 3D space, where features of multiple
sensors are aggregated into structured voxel grids for fine-
grained 3D perception. Sparse representation-based fu-
sion [57, 59, 63] has also gained attention for its efficient
feature encoding and wider perceptual coverage, making
it a promising direction in multimodal perception research.
Despite these advancements, most existing methods output
only 3D predictions, lacking exploration of cross-modal in-
teractions and unified 2D-3D segmentation. Our work fills
this gap by introducing SAM4D, enabling promptable seg-
mentation across camera and LiDAR streams.
Lifting Vision Foundation Models for 3D Labeling.
Recent works have leveraged Vision Foundation Models
(VFMs) [16, 19, 36, 54] to enable label-efficient 3D scene
understanding by distilling 2D vision priors into 3D rep-
resentations. Methods like CLIP2Scene [6] and Open-
Scene [33] transfer CLIP’s vision-language embeddings to
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Figure 2. Overview of the Segment Anything Model in 4D (SAM4D) workflow. The image and LiDAR encoders generate modality-
specific embeddings, which are aligned through the proposed Unified Multi-modal Positional Encoding. The Motion-aware Cross-
modal Memory Attention then processes multi-modal and temporal features, incorporating ego-motion for improved feature interaction.
Finally, the updated image and LiDAR features are queried efficiently by mask decoder with diverse input prompts from various modalities.

3D semantic segmentation, while approaches such as CLIP-
FO3D [64] and OVO [43] extend open-vocabulary segmen-
tation to 3D occupancy and point cloud learning. More re-
cent works [1, 47] integrate volume rendering techniques
to improve 3D occupancy prediction. Multimodal fusion
strategies have also been explored, with VLM2Scene [23]
incorporating image, text, and LiDAR representations and
VEON [67] enhancing 3D occupancy prediction through
vocabulary-driven alignment. Furthermore, methods [27,
61] focus on segmentation of zero-shot point clouds by inte-
grating multimodal visual cues. Although these approaches
effectively bridge 2D and 3D feature spaces, they are often
limited to individual frames and do not explicitly consider
temporal consistency. In contrast, our work introduces a 4D
data engine that propagates high-quality labels across entire
sequences through temporal reconstruction.

3. Promptable Multi-modal Segmentation

The Promptable Multimodal Segmentation (PMS) task is
designed to enable interactive, cross-modal, and tempo-
ral segmentation across both camera and LiDAR streams.
Unlike traditional segmentation tasks that rely on a sin-
gle modality or frame-by-frame processing, PMS allows
prompts in either 2D (images) or 3D (LiDAR point clouds)
to guide segmentation across the entire sequence. A prompt
can be in the form of positive/negative clicks, boxes, or
masks that either define a new object or refine an existing
segmentation. Once a prompt is provided on a specific im-
age frame or LiDAR scan, the model should immediately
return valid segmentation masks for both modalities and
then propagate the segmentation across the entire sequence,
forming masklets that maintain temporal consistency. Ad-

ditionally, PMS allows users to provide additional prompts
at any frame in the sequence, refining segmentation across
frames and modalities as needed.

To support PMS, we develop SAM4D, a unified seg-
mentation model capable of processing both videos and Li-
DAR streams with cross-modal prompting. Additionally,
we construct a large-scale dataset based on the Waymo
Open Dataset [42] to provide high-quality pseudo-ground
truth annotations for PMS. We evaluate SAM4D by sim-
ulating interactive multi-modal segmentation scenarios, as-
sessing its ability to segment and track objects across frames
and sensor modalities.

4. SAM4D Model
4.1. Overview
SAM4D extends SAM2 [37] beyond video segmentation to
the multimodal domain, addressing the challenges of cross-
modal and long-term object segmentation in autonomous
driving scenarios. Unified multi-modal positional encoding
is proposed to enable the multi-modal feature and prompt
interaction. To enhance the ability for long-term object
segmentation, we take into account of the ego-motion and
design motion-aware cross-modal memory attention. The
overview of our proposed SAM4D is illustrated in Fig. 2.

4.2. Multi-modal Segmentation Framework
Multi-modal Feature Embedding. In the video branch,
we follow SAM2 [37] and adopt Hiera [2, 40] with
SA-V [37] pre-training to embed each image frame
into unconditional patch tokens. In the LiDAR branch,
MinkUNet [10], implemented with TorchSparse [44, 45], is
utilized to encode sparse point clouds into voxel-level to-
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kens. Throughout the entire interaction process, the im-
age and LiDAR encoder run only once to reduce com-
putational overhead, enabling efficient processing of long-
horizon video sequences.
Motion-aware Cross-modal Memory Attention. Our
memory attention refines feature representations by inte-
grating cross-modal features and previous frame features
in memory (see below) to ensure cross-modal and tempo-
ral alignment, which is a core component of our method.
Unlike SAM2, SAM4D lifts image patches into 3D space
via depth estimation, allowing unified positional encod-
ing for image patch tokens and LiDAR voxel tokens (see
Sec. 4.3). Furthermore, ego-motion is also embedded in
cross-attention with past features and predictions to enable
long-term temporal consistency (see Sec. 4.4).
Prompt Encoder and Mask Decoder. The prompt encoder
supports different input prompts from both the image and
LiDAR inputs to define the spatial extent and position of
the target. Sparse prompts, such as points and boxes, are
represented by positional encoding (see Sec. 4.3) summed
with learnable embeddings for each type of prompt, while
mask prompts are embedded using convolutions for images
and sparse convolutions for LiDAR. The mask decoder pro-
cesses the prompts from both modalities along with the im-
age and LiDAR features updated by memory attention, si-
multaneously predicting 2D and 3D segmentation masks.
Memory Encoder and Memory Bank. The memory en-
coder processes both 2D and 3D segmentation masks sepa-
rately, utilizing convolutions for the image and sparse con-
volutions for LiDAR to downsample the output. The down-
sampled masks are then summed element-wise with the ini-
tial embeddings from the image and LiDAR encoders, re-
spectively. A lightweight convolutional layer is then applied
to fuse the information, generating the final representation
in the memory. The memory bank maintains a FIFO queue
to store past object features, with up to N unprompted
frames being retained. Additionally, a separate FIFO queue
stores M prompted frames to preserve keyframes with ex-
plicit user input. We store object pointers computed from
mask decoder tokens for both the image and LiDAR do-
mains, capturing high-level semantic information of seg-
mented objects and participating in memory attention.

4.3. Unified Multi-modal Positional Encoding

To ensure consistent spatial representation for both image
and LiDAR modalities, we carefully design a Unified Multi-
modal Positional Encoding (UMPE) scheme. As shown
in Fig. 3, this encoding unifies the 2D and 3D features in
a shared spatial space, allowing cross-modal interactions
while preserving the intrinsic structure of each modality.
UMPE consists of two complementary components: (i) a
modality-specific positional prior, which encodes features
in their native spaces, and (ii) a shared 3D representation,
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Figure 3. Illustration of the proposed Unified Multi-modal Posi-
tional Encoding.

which aligns both modalities in a common spatial domain.
Positional Encoding for Images. For a pixel p = (u, v) in
an image feature, we first assign a 2D sinusoidal positional
encoding (SinPE2D):

Pimg sin = SinPE2D(u, v), (1)

which preserves spatial structure in the image plane. To
align image features with LiDAR spatial representations,
we estimate a set of depths D(u, v) for each pixel and lift it
into 3D space, similar to Lift-Splat-Shoot [34]:

ximg = T l
cK
−1[u∗D(u, v), v ∗D(u, v), D(u, v), 1]T , (2)

where K ∈ R4×4 is the intrinsic matrix of the camera, and
T l
c ∈ R4×4 is the transformation matrix from the camera

coordinate to the LiDAR one. This process converts the
image into a pseudo-point cloud ximg. We then apply an
MLP-based 3D positional encoding:

Pimg mlp = MLP(ximg). (3)

The final position encoding Pimg is composed of Pimg sin and
Pimg mlp, and these two parts ensure that the image features
are represented in the same spatial domain as LiDAR while
maintaining the original view-based structure.
Positional Encoding for LiDAR. For a LiDAR point at
xLiDAR = (x, y, z) , we follow a similar two-stage encoding
to obtain PLiDAR. First, a 3D sinusoidal positional encoding
is applied:

PLiDAR sin(x, y, z) = SinPE3D(x, y, z) (4)

which encodes the spatial structure of the point cloud. To
ensure consistency with image features lifted into 3D, we
utilize the same MLP-based transformation:

PLiDAR mlp = MLP(xLiDAR). (5)
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For the convenience, we define a symbol Φ to represent the
positional encoding of these two stages for both modalities.

For sparse prompts incluing points or bounding boxes
from the image or LiDAR, we apply the same dual-stage
positional encoding as used for dense features. The encoded
prompts from both modalities are concatenated before be-
ing fed into the mask decoder, where missing prompts from
one modality are replaced with an empty placeholder. The
sparse prompt embeddings are then concatenated to the out-
put tokens, and then applied cross-attention from features
updated by the following motion-aware memory attention,
enabling the mask decoder to generate both 2D and 3D seg-
mentation masks. By unifying image and LiDAR positional
encodings in a shared 3D space, while preserving modality-
specific characteristics, UMPE enables further cross-modal
feature fusion and interaction in our framework.

4.4. Motion-aware Cross-modal Memory Attention
To enhance multi-modal feature representations while en-
suring temporal consistency, we introduce Motion-aware
Cross-modal Memory Attention (MCMA). This module in-
tegrates self-attention, cross-attention across image and Li-
DAR modalities, and memory-based temporal attention, as
illustrated in Fig. 4. A key distinction from previous ap-
proaches [16, 37] is our incorporation of ego-motion com-
pensation, which aligns the features of the past frame to the
current coordinate system, allowing for more accurate fea-
ture retrieval and reducing errors in dynamically changing
autonomous driving scenes.
Self-Attention for Feature Refinement. Given the image
features Fimg and LiDAR features FLiDAR from the respec-
tive encoders, along with their positional encodings Pimg
and PLiDAR obtained from Unified Multi-modal Positional
Encoding (UMPE), we first apply self-attention within each

modality to refine intra-modal feature representations:

F ′img = SelfAttn(Fimg + Pimg),

F ′LiDAR = SelfAttn(FLiDAR + PLiDAR),
(6)

where SelfAttn represents the self-attention, allowing
each token to attend to others within the same modality.
Cross-Attention for Multi-modal Fusion. To facilitate in-
teraction between image and LiDAR features, we perform
cross-attention, enabling one modality to incorporate infor-
mation from the other:

F ′′img = CrossAttn(F ′img,F ′LiDAR + PLiDAR),

F ′′LiDAR = CrossAttn(F ′LiDAR,F ′img + Pimg),
(7)

This step ensures that both modalities share complemen-
tary spatial and structural information, enhancing feature
expressiveness for segmentation.
Temporal Attention with Motion-Aligned Memory. In
contrast to SAM2 [37], which only considers short-term
object motion, our method explicitly incorporates ego-
motion compensation to handle large-scale scene changes
in autonomous driving scenarios. We maintain a mem-
ory bank that stores historical image and LiDAR features
Mimg, MLiDAR along with their 3D space positions ximg and
xLiDAR. These features and positions are stored in a FIFO
queue, keeping N unprompted frames and M prompted
frames for temporal reference.

To correctly align past frame features to the current coor-
dinate frame, we transform stored positions using the ego-
motion transformation matrix Tt←t′ , which maps historical
frame t′ to the current frame t:

Mt←t′

img = Mt′

img +Φimg(Tt←t′(ximg)),

Mt←t′

LiDAR = Mt′

LiDAR +ΦLiDAR(Tt←t′(xLiDAR)),
(8)

where Tt←t′ ∈ SE(3) is derived from vehicle odome-
try, ensuring spatially consistent memory retrieval. Φimg
and ΦLiDAR are the unified multi-modal positional encod-
ing, consisting of a sinusoidal and a MLP embedding.

Similar to SAM2 [37], we also keep the past object
pointers Ot′

img and Ot′

LiDAR in memory. Once transformed,
previous frame features and object pointers are used in
cross-attention to update current features with aligned tem-
poral information:

Ffinal
img = CrossAttn(F ′′img, (Mt←t′

img ,Ot′

img)),

Ffinal
LiDAR = CrossAttn(F ′′LiDAR, (Mt←t′

LiDAR,Ot′

LiDAR)).
(9)

By incorporating motion-aware memory alignment,
MCMA significantly improves feature consistency across
frames, reducing errors in object correspondence caused
by large-scale scene changes. This enables SAM4D to
perform robust cross-modal and temporal segmentation in
dynamic real-world environments.
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Figure 5. Overview of our data engine, which is composed of three steps to construct high-quality pseudo labels.

4.5. Training
The SAM4D model is jointly trained on camera and
LiDAR sequences with simulated interactive prompting
across modalities, following the strategy introduced in the
SAM series [16, 37]. Identical loss functions are applied to
both image and LiDAR predictions to enforce cross-modal
consistency. Additional training details are provided in the
supplementary material.

5. Data
To the best of our knowledge, there is currently no dataset
that simultaneously supports both 2D and 3D segmentation
while ensuring instance consistency over time. To quickly
establish and expand the training dataset at a low cost, we
have carefully designed a multi-modal automatic data en-
gine (Sec. 5.1) to obtain high-quality pseudo-ground-truth
data as much as possible. Using this data engine, we con-
struct the Waymo-4DSeg dataset (Sec. 5.2) based on the
Waymo Open Dataset [42], providing a large-scale bench-
mark for multimodal and temporal segmentation.

5.1. Data Engine
Our data engine, as shown in Fig. 5, consists of three steps.
In Step 1, we leverage vision foundation models (VFM)
to generate initial annotations for camera-captured image
sequences. Given an image sequence of length T , we se-
lect keyframes at intervals of K frames. Starting from the
first frame, we adopt Grounding-DINO [24, 38], an open-
vocabulary detector, and promptable SAM [16, 39] to ob-
tain detections and segmentation masks for common objects
in autonomous driving scenes. The generated keyframe
masks serve as prompts for SAM2 [37], which propagates
the segmentation forward to the next keyframe, producing
masklets for the intermediate frames.

In Step 2, we utilize LiDAR frames and pre-annotated
3D bounding boxes of foreground objects to construct a 4D
voxel-based reconstruction, serving as an intermediary be-

tween image data and LiDAR frames. This 4D reconstruc-
tion consists of a single background component and multi-
ple foreground components, each defined in the body coor-
dinate of the object. We also perform exhaustive ray casting
from the center of each image toward the voxels to establish
a dense pixel-voxel mapping table.

By querying the pixel-voxel mapping table, we can as-
sign the video masklets to the corresponding voxels in Step
3. However, the presence of noise in the labels and masks
necessitated the implementation of a filtering step based on
a clustering algorithm. We employ the DBSCAN algorithm
to cluster voxels according to their BEV positions and se-
lected the main cluster with the highest vote rate while dis-
carding the rest as noise. After filtering, we assessed over-
laps between voxel masklets from different videos to merge
them into single masklets. Finally, we created a mapping
table between points from LiDAR frames and voxels based
on their 3D spatial distances, facilitating the transfer of the
final voxel masklet to the LiDAR frames. We evaluated
the quality of the resulting masklets using cross-modal IoU,
which yielded an average score of 0.56.

5.2. Constructed Dataset
Our Waymo-4DSeg dataset, derived from the Waymo Open
Dataset, follows the original training and validation splits,
resulting in 1000 clips (798 for training and 202 for vali-
dation), with about 200 frames per clip. On average, we
generated 300 masklets for each clip, with each masklet ap-
pearing in about 122 frames. This results in an average of
17 masks per image and 170 masks per point cloud. Fur-
thermore, 23.4% of the masklets have been observed in at
least two different clips. The semantic categories of our
masklets cover nearly all relevant items in autonomous driv-
ing scenarios, including dynamic foreground objects (vehi-
cles, pedestrians), background elements (buildings, trees)
and nearby objects (curbs, lamp posts, traffic cones). The
volume of the objects ranges from less than 10 voxels to
over 200k voxels (with voxel size of 0.1 meter), occupy-
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(a) offline evaluation (3-click) (b) online evaluation (3-click)
Figure 6. Performance comparison with different promptable frames in interactive offline and online evaluation settings.

ing an average image area of 1.5k pixels to over 1M pixels.
More detailed distribution information and visual results are
provided in the supplementary material.

6. Experiments

6.1. Setup
Implementation Details. With the Waymo-4DSeg built,
we train our SAM4D model with 6 maximum objects on 16
NVIDIA A100 GPUs for 36 epochs. Unless otherwise men-
tioned, the experimental results in this section are produced
in our default setting, using Hiera-S image encoder [40]
with input image in resolution of 768 × 768 and Mink-34
LiDAR encoder [10, 44] with input LiDAR points voxelized
by size of 0.15m. More details of the implementation can
be found in the supplementary material.
Evaluation Metrics. In the evaluation, the mean Inter-
section over Union (mIoU) is adopted to assess segmen-
tation performance for both camera and LiDAR in each
single frame. J&F metric [35] in video object segmen-
tation is also reported for image sequences. Additionally,
we introduce Number of Mismatched Predictions (NMP),
which quantify the number of instances where a predicted
object fails to match the ground truth with an IoU below
0.01 threshold. This metric captures erroneous associations
and misalignments, offering information on the robustness
of the model to maintain accurate object correspondence
between frames. In the practical evaluation, we randomly
selected 48 clips from the validation set.

6.2. Main Results
Promptable Cross-Modal Frame Segmentation. For ob-
jects captured by both the camera and LiDAR, enabling seg-
mentation in one modality based on a prompt from the other
is crucial for improving efficiency in multimodal annota-
tion. We evaluated this by selecting objects present in both
modalities and providing prompts in one single one (image
or LiDAR), then measuring the segmentation IoU in both
modalities within a single frame. Prompts include single-

Table 1. Performance comparison with different prompts on
promptable cross-modal frame segmentation.

Prompts Image mIoU (%) ↑ LiDAR mIoU (%) ↑

Image-Prioritized Prompting

1-click 68.0 42.3

3-click 73.6 53.1

bounding box 74.7 47.0

LiDAR-Prioritized Prompting

1-click 49.6 58.8

3-click 64.2 68.4

bounding box 46.0 63.9

point (1 click), multi-point (3 clicks), and bounding box in-
puts. In multiple-click experiments, subsequent clicks are
placed on the modality with poorer segmentation after the
initial click, simulating human annotation behavior for effi-
cient refinement. As shown in Tab. 1, providing prompts in
the image or LiDAR enables the other modality to achieve
promising segmentation results, demonstrating the capabil-
ity of cross-modal prompting in SAM4D.
Promptable Multi-modal Stream Segmentation. We fur-
ther evaluate SAM4D’s stream-level promptable segmen-
tation ability, simulating an interactive annotation process.
Prompts are given on the first frame where the target ap-
pears, with a single-modality prompt if the object is present
in one modality, and dual-modality prompts if present in
both. Similar to SAM2 [37], experiments are conducted
in offline and online modes. In offline mode, segmentation
is initialized with 3 point prompts on the first frame, fol-
lowed by propagation. The frame with the lowest IoU is
selected for additional prompts, repeating until the prompt
limit is reached. In online mode, segmentation propagates
iteratively, adding prompts to frames where IoU falls below
0.75, until the prompt limit is reached or the sequence ends.
As illustrated in Fig. 6, SAM4D achieves stable segmenta-
tion performance in both settings, with continuous improve-
ment as additional prompts are introduced.
Semi-Supervised Stream Object Segmentation. We ex-
tend semi-supervised video object segmentation [9, 35] to
multimodal streams, providing first frame prompts only for
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Table 2. Performance comparison with different prompts on semi-
supervised stream object segmentation.

Prompts Image LiDAR

mIoU (%) ↑J&F ↑ (%) NMP ↓mIoU (%) ↑NMP ↓

1-click 61.4 72.2 398 50.1 784

3-click 65.6 76.3 327 52.8 711

5-click 67.1 77.7 315 52.6 702

bounding box 64.5 75.4 347 51.3 762

ground-truth mask 69.8 80.1 280 55.7 582

Table 3. Performance comparison on nuScenes under semi- super-
vised stream object segmentation setting.

nuScenes Image LiDAR

mIoU (%) ↑ J&F ↑ (%) NMP ↓ mIoU (%) ↑ NMP ↓

zero-shot 58.4 65.8 36 25.9 117

fine-tuning 67.5 75.4 22 44.8 70

Table 4. Ablation study on the input modality of SAM4D.

Input Image LiDAR

mIoU (%) ↑ J&F ↑ (%) NMP ↓ mIoU (%) ↑ NMP ↓

SAM2+Project 68.2 79.7 383 32.0 -

SAM4D-C 68.6 80.4 301 - -
SAM4D-L - - - 47.0 799

SAM4D 69.8 80.1 280 55.7 582

both image and LiDAR sequences and evaluating segmen-
tation over the full sequence to assess temporal propaga-
tion and tracking. The standard mIoU, J&F , and NMP
are reported for a comprehensive evaluation. As shown in
Tab. 2, mask prompts, which encode richer spatial informa-
tion, achieve the highest segmentation performance across
both modalities, outperforming point and box prompts.
Generalization Experiments on PMS. We evaluate
SAM4D on unseen nuScenes dataset [3, 20] through zero-
shot transfer and fine-tuning which are detailed in the ap-
pendix. We adopt the Semi-Supervised Stream Object Seg-
mentation setting, where the mask from the first frame is
provided as a prompt to guide the segmentation of subse-
quent frames. As shown in Tab. 3, SAM4D demonstrates
strong zero-shot segmentation performance, highlighting
its cross-modal generalization to unseen driving scenar-
ios. Further fine-tuning on nuScenes enhances segmenta-
tion quality, demonstrating the model’s ability to adapt and
refine predictions in novel environments.

6.3. Ablations
We perform ablation studies under the Semi-Supervised
Stream Object Segmentation setting to validate the design
choices in the SAM4D framework.
Ablation on Input Modality. First, we analyze the impact
of input modalities by training single-modality variants of
SAM4D, where only the image branch (SAM4D-C) or the
LiDAR branch (SAM4D-L) is retained, while all other set-
tings are kept the same. Additionally, we introduce a base-
line (SAM2+Project), which projects SAM2’s video seg-

Table 5. Ablation study on the input resolution of both modalities.

Resolution Image LiDAR

mIoU (%) ↑ J&F ↑ (%) NMP ↓ mIoU (%) ↑ NMP ↓

I-512, V-0.2 60.5 70.6 291 48.2 985

I-768, V-0.15 69.8 80.1 280 55.7 582

Table 6. Ablation study on ego-motion in memory attention.

MCMA Image LiDAR

mIoU (%) ↑ J&F ↑ (%) NMP ↓ mIoU (%) ↑ NMP ↓

w/o. ego-motion 69.7 80.3 298 52.2 746

w. ego-motion 69.8 80.1 280 55.7 582

mentation results onto per-frame point clouds. This method
is inherently limited by discrepancies in sensor viewpoint,
range, and synchronization between camera and LiDAR. As
shown in Tab. 4, the multimodal SAM4D effectively lever-
ages cross-modal interaction and prompting, achieving sig-
nificantly better segmentation performance compared to its
single-modality counterparts.
Ablation on Input Resolution. Next, we examine the role
of input resolution in the performance of promotable seg-
mentation. Compared to the baseline setting of the image
resolution 512 × 512 and the resolution of 0.2 m voxels,
increasing the resolution to 768 × 768 for the images and
0.15 m for the voxels results in a notable performance gain,
as presented in Tab. 5. This demonstrates the importance of
high-resolution input in dense prediction tasks, where finer
spatial details contribute to more accurate segmentation.
Ablation on Ego-motion in Memory Attention. Finally,
we perform an ablation study on the incorporation of ego-
motion in Motion-aware Cross-modal Memory Attention to
assess its contribution to temporal feature fusion and object
tracking. As presented in Tab. 6, ego-motion compensation
significantly reduces tracking inconsistencies in stream seg-
mentation, particularly for LiDAR, where NMP decreases
from 746 to 592, indicating improved temporal stability.
Furthermore, its integration leads to a notable improvement
in mIoU, highlighting the importance of ego-motion in en-
hancing segmentation accuracy over long sequences.

7. Conclusion

In this paper, SAM4D is introduced as a multi-modal and
temporal model for promptable segmentation across camera
and LiDAR streams. Our contributions span task (PMS),
model (SAM4D), and data (Waymo-4DSeg). With exten-
sive experiments, SAM4D advances 4D scene understand-
ing, improving segmentation consistency, efficiency, and
adaptability in various autonomous driving scenarios. We
believe that the insights of the SAM4D model into multi-
modal prompting and 4D perception will significantly re-
duce annotation costs, enabling high-quality scalable 2D-
3D joint labeling for large-scale datasets.
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