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SAMA4D: Segment Anything in Camera and LiDAR Streams

Supplementary Material

In this document, we further provide the following ma-
terials to support the findings and conclusions drawn in the
main body of this paper.

e Section A: Model and training details;

* Section B: Details on data engine and dataset;
 Section C: Details on the experimental settings;

¢ Section D: Discussions on limitation and future work;
 Section E: Acknowledgements to public resources.

A. Model and Training Details

A.l. Model Architecture

Image Encoder. The image encoder in SAMA4D follows the
same architecture as SAM2 [7], but given the smaller scale
of our dataset compared to SAM2, we adopt the Hiera-S
variant [8] as the default configuration to balance perfor-
mance and efficiency.

LiDAR Encoder. We adopt MinkUNet [3], implemented
with TorchSparse [10, 11], as the LiDAR encoder. Inspired
by ResNet [4], we define Mink34 and Mink50 as backbone
structures, with Mink34 as the default choice. The encoder
downsamples the input to stride 32, with feature dimensions
[32, 32, 64,128, 256], and then upsamples to stride 4, ex-
tracting voxel features at strides 16, 8, and 4. The stride
16 features are primarily used by the memory module and
mask decoder, while the stride 8 and 4 features assist the
mask decoder in recovering high-resolution segmentation
details, similar to SAM2. To improve the generalization
across various datasets, we exclude the original xyz coordi-
nates and do not use intensity and elongation features pro-
vided by Waymo Open Dataset [9]. Instead, we assign a
binary occupancy value to occupied voxels, ensuring the Li-
DAR encoder remains dataset-agnostic.

Mask Decoder. Sparse prompt tokens from image and Li-
DAR are concatenated and used as queries for mask predic-
tion, with a shared Transformer module across both modali-
ties. The query token configuration follows SAM2, consist-
ing of mask queries, sparse prompt tokens, IoU tokens, and
object pointers stored in memory. This design enables effi-
cient cross-modal segmentation while ensuring consistency
between image and LiDAR-based queries.

Model Parameters. SAM4D comprises 119.88M param-
eters, distributed across its core components. The image
encoder has 34.32M parameters, while the LiDAR encoder
contains 26.94M parameters. The memory module, respon-
sible for temporal feature aggregation and cross-modal at-
tention, is the largest component with 53.96M parameters.
The mask decoder, which processes prompt-based queries
for segmentation, accounts for4.66M parameters. This de-

Config Value

data Waymo-4DSeg

steps ~44k

resolution Camera: 768 x 768, LIDAR: 0.15 m
precision bfloat16

optimizer AdamW

optimizer momentum
gradient clipping
weight decay
learning rate (Ir)

warmup
layer-wise decay

image augmentation
video augmentation

LiDAR augmentation
drop path

mask losses (weight)
IoU loss (weight)
occlusion loss (weight)
global attn. blocks

B1 =0.9, 82 = 0.999

type: £2, max: 0.1

0.1

OneCycleLR, init: 5¢ =%, max: 56_5,
anneal strategy: cos, pct_start: 0.4
linear, 7.5k iters

0.9

hflip, resize to 768 x 768 (square)
hflip, affine (deg: 25), colorjitter,
grayscale, per-frame colorjitter,
mosaic-2 X 2

rotation-Z (deg: 45), hflip, vflip
0.2

Focal (20), Dice (1)

41 (1)

Cross-entropy (1)

12 — 16 — 20

Table Al. Hyperparameters for SAM4D full training.

sign balances multimodal fusion, temporal reasoning, and
segmentation efficiency.

A.2. Training Details

Without loss of generality, we use the front-view camera
and LiDAR from the Waymo dataset to validate the feasi-
bility of the proposed solution, which can later be extended
to multi-camera and LiDAR setups. Since our data is con-
structed through 4D reconstruction using a 5-camera and
LiDAR system, we cannot guarantee that objects appear in
both modalities in every frame. Therefore, during the train-
ing process, to enable parallel imitation of interaction logic
for multiple targets, the following rules are applied when
selecting targets for each step in the data pipeline: there is
a 0.5 probability that the target exists in both modalities, a
0.25 probability that it appears only in the camera, and a
0.25 probability that it appears only in the LIDAR. During
training, the iterative modification logic for mimicking tar-
gets is as follows: if the target belongs to both modalities,
each prompt randomly selects one modality; if the target be-
longs to only one modality, the modality in which the target
appears is chosen for the prompt.

SAMA4D is trained on Waymo-4DSeg for 44k steps with
a 768 x 768 image resolution and a LiDAR voxel size
of 0.15. Specifically, we sample 8-frame sequences and
randomly select up to 2 frames to receive prompts. Dur-
ing training, corrective clicks are probabilistically sampled
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based on both ground-truth masks and model predictions.
The initial prompts are assigned with probabilities of 0.5 for
ground-truth masks, 0.25 for points, and 0.25 for bounding
boxes, respectively. The loss consists of a combination of
focal loss and dice loss for mask prediction and mean ab-
solute error (MAE) loss for IoU prediction. If an object is
missing in a given modality, we do not apply supervision to
the prediction of that modality. AdamW with OneCycleLLR
are utilized to optimize the network. Image and video aug-
mentations follow SAM?2 (excluding shear), while LiDAR-
specific augmentations include Z-axis rotation, hflip, and
vilip. Other hyperparameters align with SAM2, which are
provided in Tab. A 1.

B. Details on Data Engine and Dataset
B.1. Data Engine Details

In this section, we provide a more detailed description of the
implementation details of the three steps in our data engine
to supplement Sec. 5 in our main paper.

Step 1: Generation of VFM-based image masklets

In this step, we utilize vision foundation models
(VFM) [2, 6] to generate initial annotations including boxes
and masks in keyframes firstly. In each new keyframe,
we redetect scene objects and match them with the prop-
agated masks from the previous keyframe, merging them
as the segmentation result of the current keyframe. Newly
detected objects, which were not present in the previous
masklets, are first propagated backward to the start of the
sequence, and then the merged masks (both new and exist-
ing objects) are propagated forward to the next keyframe,
continuing this process until the end of the sequence.

This iterative approach produces masklets for the entire
image sequence, ensuring consistent object categories and
instance IDs across time, laying the foundation for LIDAR
ground truth generation in subsequent stages.

Step 2: 4D Reconstruction and Ray Casting

Transferring masklets from video to LiDAR frames re-
quires establishing correspondences between pixels and Li-
DAR points, which is challenging due to the large number
of pixels and 3D points in the sequence. To address this
challenge, we preemptively perform 4D LiDAR reconstruc-
tion using VDBFusion [12], which generates a more effi-
cient representation of spatial occupancy, since the voxel
count depends only on scene size and is independent of the
number of frames.

The 4D reconstruction comprises multiple foreground
components and a single background component. The
background consists of static objects and is maintained as
a single instance in the world coordinate system. The fore-
ground includes potentially moving entities such as vehi-
cles, cyclists, and pedestrians, each with its own motion tra-
jectory. We leverage the pre-annotated 3D bounding boxes

of these foreground objects to obtain their relative poses
in each frame with respect to the world, and subsequently
perform individual 4D reconstruction within each object’s
body coordinate system. This allows the voxels occupied
by the foreground objects to remain unchanged even as they
move, with only the overall position shifting.

Following this, we generate a dense pixel-voxel mapping
table via ray casting. We first compute image poses in the
world coordinate system by solving the PnP(Perspective-
n-Point) problems, based on the given single-frame point
cloud and pixel correspondences. Then, for each image,
we construct multiple rays starting from the camera posi-
tion and ending at the center points of the voxels within the
viewing frustum. Each ray falls into an image pixel, and
we match the pixel with the voxel that the ray intersects to-
gether to build pixel-voxel the mapping table.

Step 3: Cross-Modal Masklet Fusion

By querying the pixel-voxel mapping table established
in Step 2, we can identify the voxels corresponding to the
pixels masked in Step 1, thereby transferring the mask to the
voxels. In an ideal scenario, SAM2 ensures consistency of
masklets between frames in the video, and we can directly
merge the voxel masks from the video stream to obtain an
accumulated voxel masklet.

However, we found that both the video masklets and
the mapping table are often noisy. A common issue is
that SAM2 mis-matches objects, confusing two similar ob-
jects appearing in close positions across different frames
as the same object. This issue occurs for both background
and foreground objects. Additionally, because the pixel-to-
voxel correspondence is not always accurate and the edges
of 2D masks on images are not perfectly precise, the re-
sulting masks projected onto the voxels are prone to con-
tain noise. Finally, the image segmentation model occa-
sionally misclassifies artifacts such as light spots or other
visual anomalies in images as actual objects.

To mitigate these problems, we implemented a clustering
approach for noise filtering in the voxel masklets. We em-
ployed the DBSCAN algorithm to cluster voxels based on
their BEV positions and selected the cluster with the highest
average quality as the main cluster, filtering out the rest as
noise. Assuming that voxels associated with a single object
are adjacent in BEV space, we utilized the DBSCAN algo-
rithm to cluster the voxels based on their BEV positions.
We also counted the frequency with which each voxel was
mapped to the current object and computed the vote rate as
the ratio of this frequency to the total observations in the
current image sequence. Ultimately, we selected the cluster
with the highest average vote rate as the main cluster, and
leave out rest as noise. Fig A2 provides examples of the
issues mentioned above and demonstrates the effectiveness
of our filter in addressing these problems.

After filtering, we expect significant overlap between
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Figure Al. Examples of the Waymo-4Dseg Dataset: In this figure, we visualize the masklets from selected frames of 6 clips. For each
clip, we present two frames in two rows, where each row displays the masklets from the side-left, front-left, front, front-right, and side-
right images, from left to right, along with the masklets from the LiDAR frames. Through both horizontal and vertical comparisons, the
consistency of the masklets across different video streams, modalities, and frames can be observed.
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SAM2 mis-match

before

masklet fusion

two different cars labeled as one

after

masklet fusion

two different cars with separated labels

artifacts mis-classified

noisy pixel-voxel mapping

LI

init masklet of a tree with noise, colored
by vote rates

artifacts are detected as "pole”

clustering result where noise points are
color in blue.

noisy masklets removed

Figure A2. This figure illustrates three representative problems that may arise before masklet fusion, as well as how our fusion process

addresses these issues.

voxel masklets from different videos corresponding to the
same object. Overlaps between masklets from two videos
were assessed, leading to the merging of those with sub-
stantial overlap into a single unified voxel masklet. Finally,
we created a mapping table between points from LiDAR
frames and voxels based on their 3D spatial distances, facil-
itating the transfer of the final voxel masklet to the LIDAR
frames.

We evaluated the quality of the unified voxel masklets
using cross-modal IoU. Assuming that a masklet is visi-
ble for image i, we calculated the IoU between the voxels
mapped by masklet in image i and the visible part of the
unified voxel masklet. The average IoU across all images
represents one masklet’s overall score. The mean score of
the masklets in our dataset is 0.56, with a 10th percentile
of 0.24. Throughout this process, human annotators play a
crucial role in adjusting the parameters based on mask qual-
ity and conducting frame-by-frame verification of the final
labels in both the image and LiDAR.

B.2. Dataset Statistical Information

Here, we provide additional information about the dataset
and details about our data engine. In Figure A3, we pro-
vide detailed statistical information about the masklets in
our dataset, including volume distribution, area distribution,
the proportion of frames in which cross-modal masklets co-
occur, and score distribution. The distributions of volume
and area reflect the diversity and richness of the annotated
objects in our dataset. Additionally, we calculate the pro-
portion of frames in which cross-modal masklets are present
in both modalities, a metric of interest to users. Common
scenarios include objects exiting the video frame as the ve-
hicle moves forward while still being detectable by LiDAR,
or objects being beyond the scanning range of LiDAR but
still visible in the video. Such cases require special han-

6

2 3 4 3
l0g10 of volume 10g10 of image mask area

0.0 02 0.4 06 08 10
co-existes in both modality rate scores

Figure A3. Statistical Information of Masklets in the Dataset

dling during model prompting and training, which is why
we provide the proportion of frames where cross-modal
masklets coexist. We also present the score distribution of
the masklets. Although denoising has been applied during
processing, a small number of low-quality masklets remain.
Fortunately, we can quantify their quality through scores
and filter them out during experimentation. In Figure Al,
we present the visualized cross-modal masklets from sev-
eral clips.

C. Details on the Experimental Settings
C.1. About the Training and Validation Data.

As mentioned above, when the data engine generates
pseudo labels, it creates voxels in 4D for each object, al-
lowing us to obtain the volume of the object in space. Ad-
ditionally, multi-modal consistency checks are performed
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to calculate the IoU between each frame’s image and point
cloud. The average IoU over the sequence serves as a ref-
erence for the quality of the pseudo-labels, which we re-
fer to as the ”score.” During SAM4D training, targets with
a volume greater than 10 and a score greater than 0.3 are
used. For testing, to further ensure the reliability of the
ground truth, the volume filtering threshold is increased to
50, and the score threshold is raised to 0.5. Furthermore,
there is currently significant ambiguity in the pseudo-labels
for ground regions. To ensure better convergence of the
LiDAR branch, we temporarily exclude instances near the
ground during both training and evaluation. Despite these
settings, the number of targets evaluated in each sequence
still exceeds 100, resulting in slow evaluation speeds. To
accelerate the evaluation, we filter and evaluate only those
objects that appear in at least one frame in both the front-
view camera and LiDAR.

C.2. About the Generalization Experiments.

The generalization experiments are conducted on nuScenes
dataset [1] with nulnsSeg [5]. The nulnsSeg dataset [5],
built on nuScenes [1], provides 2D instance segmentation
annotations for foreground objects, with instance IDs cor-
responding to 3D point cloud segmentation labels.

D. Limitations and Further Discussions

D.1. Limitations

While SAMA4D effectively integrates multimodal and tem-
poral segmentation, the domain gap across LiDAR sen-
sors remains a challenge, as variations in sensor configura-
tions and point cloud density limit generalization compared
to images. Moreover, the spatial representation on point
clouds is inherently constrained by single-frame sparsity,
occlusions, and blind spots, which may hinder object com-
pleteness in certain scenarios. Additionally, while Waymo-
4DSeg provides high-quality multimodal labels, the size of
the data set can be expanded to cover a broader range of
driving conditions, weather variations, and rare long-tail
scenarios. Increasing data set diversity would improve the
generalizability of the model, particularly in corner cases
where data sparsity remains a challenge.

D.2. Future Work

Currently, SAMA4D is trained on pseudo-labels generated by
an automated data engine. Although the data labels have
undergone multi-modal consistency verification, ambigui-
ties and inaccuracies still persist. Future work will focus
on improving SAM4D’s data strategy, model adaptability,
and scalability. To enhance label quality, we plan to expand
dataset scale using our automated data engine and integrate
human-annotated subsets for fine-tuning. A confidence-
based filtering mechanism will further refine pseudo-labels

iteratively. Additionally, extending SAM4D to incorpo-
rate natural language descriptions will enable multimodal
segmentation conditioned on text, leveraging LLMs for se-
mantic guidance to reduce reliance on human annotations.
Exploring weakly supervised and self-supervised learning
will further enhance adaptability while minimizing manual
labeling. Beyond data efficiency, improving memory at-
tention and computational efficiency will enable scaling to
multi-camera and multi-sensor systems, enhancing 4D spa-
tiotemporal perception in complex environments.

E. License and Consent with Public Resources

E.1. Public Datasets

We utilize the Waymo Open Dataset [1] to construct our
Waymo-4DSeg dataset. nuScenes [1] and the correspond-
ing nulnstSeg [5] are adopted to further evaluate our model:

* Waymo Open Dataset' ........ Waymo Dataset License
® NUSCENES” ..., CC BY-NC-SA 4.0
* nuScenes-devkit® ................. Apache License 2.0
e nulnsSeg* ....... ..., MIT License

E.2. Public Implementation

We leverage publicly available pre-trained models and
source codes to investigate the promptable segmentation in
the multimodal domain:

e SAM2 ... Apache License 2.0
e TorchSparse® ..............ccooiiiii... MIT License
* GroundingDINO’ ................ Apache License 2.0
e Grounded-SAM-2% ... ............ Apache License 2.0
e VDBFusion” ........................... MIT License
» Mask-Propagation'’ ..................... MIT License
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