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Abstract

Scene flow estimation aims to recover per-point motion from
two adjacent LiDAR scans. However, in real-world applica-
tions such as autonomous driving, points rarely move inde-
pendently of others, especially for nearby points belonging
to the same object, which often share the same motion. In-
corporating this locally rigid motion constraint has been
a key challenge in self-supervised scene flow estimation,
which is often addressed by post-processing or appending
extra regularization. While these approaches are able to im-
prove the rigidity of predicted flows, they lack an architec-
tural inductive bias for local rigidity within the model struc-
ture, leading to suboptimal learning efficiency and inferior
performance. In contrast, we enforce local rigidity with a
lightweight add-on module in neural network design, en-
abling end-to-end learning. We design a discretized voting
space that accommodates all possible translations and then
identify the one shared by nearby points by differentiable
voting. Additionally, to ensure computational efficiency, we
operate on pillars rather than points and learn represen-
tative features for voting per pillar. We plug the Voting
Module into popular model designs and evaluate its benefit
on Argoverse 2 and Waymo datasets. We outperform base-
line works with only marginal compute overhead. Code is
available at https://github.com/tudelft—-iv/
VoteFlow.

1. Introduction

Motion perception is essential for autonomous vehicles op-
erating in dynamic environments. A crucial task in this do-
main, known as scene flow estimation, involves detecting
per-point motion across consecutive LiDAR scans collected
within short temporal intervals, e.g., 0.1 seconds given a
10Hz LiDAR scanner [3, 7, 29, 40]. Scene flow estima-
tion has been the cornerstone in self-supervised scene un-
derstanding, which offers a way to interpret dynamic scenes
without relying on extensively labeled data [11, 22, 34, 45,
49]. For example, [22] uses scene flow to associate moving
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Figure 1. Voting for identifying shared motion. We take inspi-
ration from motion rigidity and identify a motion shared by the
majority via voting. We design a discrete voting space that en-
capsulates all possible translations that might occur within time
At. For a given star ¥ at time ¢, we calculate the displacements
between itself and its neighbors ® at time ¢ + At and cast votes,
defined by the cosine feature similarity between v and @, to cor-
responding bins in the voting space. We accumulate votes from
multiple spatially nearby points Yk at time t. The voting result
indicates the likelihood of a motion shared by nearby points. Our
differentiable voting is a light-weight add-on module compatible
with popular model designs in scene flow estimation. In practice,
voting takes pillars as input rather than individual points, thus re-
ducing the computation substantially.

objects over time and calculate object bounding boxes with-
out any annotation cost. The generated object proposals
provide valuable pseudo labels for subsequent model train-
ing. This strategy, also used in [0, 34, 45], leverages the
low-cost nature of data collection to scale efficiently and
thus generates large quantities of pseudo labels. Therefore,
there is a perceivable demand for a robust scene flow esti-
mator in autonomous driving.

Scene flow methods typically assume motion rigidity,
i.e. nearby points on rigid objects share the same motion.
State-of-the-art methods exploit this assumption for self-
supervised training through extra loss functions or regular-
izers [43, 51], or hard-coded post-processing [5]. However,
these models lack the ability to encode motion rigidity by
design. ICP-Flow [25] enforces motion rigidity by using
Iterative Closest Point (ICP) to align pre-clustered points.
However, this can produce substantial errors if the given
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clusters are over- or under-segmented (e.g., one cluster con-

taining multiple close-by objects).

To overcome these limitations, we propose VoteFlow, a
novel self-supervised scene flow estimation method that in-
tegrates feature learning and motion rigidity as an architec-
tural inductive bias within its network design. The model
extends the design of [15, 41, 50, 51], which has good gen-
eralization and inference speed, with a new differentiable
Voting Module that identifies shared motion among neigh-
boring points. In particular, the module efficiently identi-
fies translation-dominated motion, which often character-
izes object motion over short intervals in autonomous driv-
ing, by locally collecting votes among nearby LiDAR fea-
tures across possible translational directions, as shown in
Fig. 1. Our experiments show that VoteFlow outperforms
the state of the art across most metrics not only on the Ar-
goverse 2 benchmark but also on the Waymo Open dataset
without retraining for that dataset. To summarize, our con-
tributions are as follows:

* We introduce VoteFlow - a self-supervised scene flow es-
timator that encodes locally rigid motion by design.

* The core design of VoteFlow is a differentiable Voting
Module - a light-weight add-on module that enables trans-
lation voting and end-to-end feature learning.

* VoteFlow outperforms state-of-the-art methods on the Ar-
goverse 2 dataset with a considerably low inference la-
tency. It also excels on the Waymo Open dataset in cross-
dataset tests, outperforming baselines optimized on this
particular dataset.

2. Related work

In this section we discuss prior works on scene flow estima-
tion, approaches to enforce motion rigidity, and other us-
ages of voting schemes in point cloud processing.

2.1. Scene flow estimation

Numerous works have emerged in scene flow estimation
from large-scale point clouds in autonomous driving scenar-
ios. Early works on scene flow, such as [3, 13, 14, 29], are
supervised mainly by learning from annotated data, either
from fully labeled real-world datasets [4, 12, 39] or syn-
thetic datasets [8]. However, annotating large-scale datasets
is costly, thus demanding the need for unsupervised alter-
natives. Later works remedy the need for labels by ex-
ploiting cycle consistency [2, 33, 48] between the forward
and backward flows. Recently, test-time optimization tech-
niques have been prevalent [5, 23, 24]. This family of works
builds on top of multi-layer perceptrons (MLPs) and opti-
mizes the cycle loss during inference. While the accuracy
of these methods is outstanding, the inference time remains
extended (up to several minutes [5, 23]) due to repeated op-
timization passes, making these methods impractical for on-
line applications. To remedy the costly test-time inference,

[41, 51] propose feed-forward neural networks as an alter-
native to test-time optimization, allowing for better gener-
alization and faster inference. Particularly, [41] is capable
of real-time inference. Our work also employs fast feed-
forward networks.

2.2. Motion rigidity in scene flow estimation

A common assumption of scene flow estimation methods is
that objects exhibit non-deformable motion. This rigid mo-
tion assumption can be exploited in several ways. One ap-
proach is to explicitly identify individual rigid objects and
estimate a single rigid transformation for each such object.
For instance, ICP-Flow [25] clusters points into objects dur-
ing a pre-processing step to enforce per-cluster rigid mo-
tion. Clustering can also be applied in post-processing [5]
to enforce rigid motion. However, clustering can produce
substantial errors if objects are over- or under-segmented
(e.g., one cluster containing multiple close-by objects),
and clustering parameters are not end-to-end optimizable
and therefore require extensive parameter tuning. Self-
supervised training can also enforce consistent motion in
a local neighborhood through extra loss functions or regu-
larizers [43, 51]. However, such models rely on training the
network to incorporate the rigidity assumption in the net-
work weights, which is less data-efficient and harder to train
due to potentially conflicting loss terms. PointPWC [48]
improves locality and rigidity by constructing cost volumes
and aggregating features from nearby points. However, its
design is resource-intensive and does not explicitly enforce
rigidity. Our model differs from previous works by explic-
itly encoding motion rigidity as an architectural inductive
bias in the network design.

2.3. Voting in point cloud processing

Hough Voting [10] is a classic image processing technique
initially designed for extracting geometric primitives from
images, such as lines and circles. Later Hough Voting
has been extended to find arbitrary shapes [1, 27, 28].
Hough Voting also has been widely used in processing point
clouds, for segmentation [31], detection [21], tracking [32]
and 6D pose estimation [38]. ICP-Flow [25] is a highly rele-
vant work that extends the usage of majority voting to scene
flow, where voting is used to localize the most dominant
translation and to initialize the Iterative Closest Point algo-
rithm. Our work also leverages majority voting for scene
flow estimation but uses learned rather than hand-crafted
features. Recently, there has been a line of works that en-
codes Hough Voting in deep learning, thus allowing for vot-
ing by learned features [20, 26, 35, 42, 47]. Our work shares
the same spirit in combining voting with learned features.
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3. Methodology

This section describes our proposed method, VoteFlow, and
its novel Voting Module for efficiently identifying shared
translations across local regions in LiDAR feature maps.

3.1. Problem statement

Scene flow estimation aims to recover a flow field (or equiv-
alently point-wise translations) F* € R¥*L = {f; e R3}L,
from a pair of consecutive LIDAR scans X" and XAt cap-
tured by an autonomous vehicle at time ¢ and ¢ + At, such
that X' + F ~ X'"A X € R®*L = {x; e R3}) | denotes a
point cloud with L points. It is worth noting that X’ and
F! are of the same size, while X! and XAt may differ
in size. Following common practice in scene flow estima-
tion [41, 46, 51], we also assume the ego motion is avail-
able, i.e., the input points X* and X2 have already been
compensated by ego motion. Our goal is to develop a neural
network that takes X! and X'*2¢ as input and predicts F?,
without relying on supervision.

3.2. Overview of VoteFlow

Fig. 2 shows an overview of VoteFlow. Given two consec-
utive LiDAR scans as input, the model first applies a Pillar
Feature Net [19] (“pillarization”) to convert both scans into
a bird-eye-view pseudo image, where each grid cell (“pil-
lar”) represents a 2D location around the ego-vehicle and
has an associated embedding. The model concatenates both
pseudo images and learns features via a U-Net [37] back-
bone. Subsequently, the learned features go through our
novel Voting Module, which creates a voting space for each
non-empty pillar and applies convolution within the voting
space. Later, the model retrieves points-wise features from
the pseudo images, the fused features, and the voting fea-
tures, appended by per-point offset with respect to the pillar
center. The decoder converts point-wise features into point-
wise scene flow.

We note that pillar representations of point clouds in au-
tonomous driving are often sparse. A statistical analysis
of the Argoverse 2 dataset [46] shows that more than 90%
percent of pillars are empty . Our proposed voting scheme
exploits the sparsity of these feature maps.

The following subsections elaborate on each component.

3.2.1. Pillarization and backbone design

The model follows previous work [15, 41] and adopts the
same setup during pillarization and backbone feature ex-
traction. To be specific, we set the pillar size to be 6, x 0,
resulting in a pseudo image of spatial size H x W for both
LiDAR scans X! and X'*2!. The backbone takes as input
the concatenation of both pseudo images I and [rat along

*As a common practice in scene flow estimation, ground points are
removed from point clouds, as they provide little cue to predict motion [23,
41], which increases the proportion of empty pillars substantially.

the channel dimension and generates a fused feature map G
of spatial size H x W using a U-Net with skip connections.

3.2.2. Voting Module

To exploit motion rigidity in the network design, we observe
that neighboring pillars on the same object are expected to
share the same translation. Thus, we seek to identify the
dominant translation from a number of nearby pillars. Our
novel Voting Module creates a discretized voting space V
for each non-empty pillar at time ¢ that covers all possible
translations that may occur within A¢. It then identifies M
neighboring pillars at time ¢, and each of the M neighboring
pillars casts votes for possible translations in V by identify-
ing all neighboring pillars within a predefined radius at time
t + At. After aggregating evidence on consistent motion by
all neighboring pillars, a higher vote in V indicates more
evidence for a particular translation. We elaborate on this
concept as follows.

The module takes as input a set of indices of non-empty
source pillars P* at time ¢, the non-empty farget pillar in-
dices P**2? at the next time instance, and the pseudo images
( I' and I”At) from the Pillar Feature Net. It will output H,
which contains a voting feature for each pillar in P*.

For each pillar p, € P’ the module selects the M spa-
tially closest pillars {p%m M_| from the same time step
(this set includes the pillar k itself). For each neighbor

pillar pz’m at time ¢ a set of N spatially nearby pillars

{pt+At N

ot b1 attime ¢+ At has been selected from the avail-

able pillar indices Pt

Note that each pair (Pz,ma P

using the ball query function [36].

LAl ) represents a possible

(discretized) 2D translation ?k}m’n of the m-th neighbor-
hood pillar of k. We use the cosine similarity of their corre-

sponding pseudo images I'(p}, ,,,) and I”At(pfﬁfn), as a

‘voting score’ Sk m, n € [—1, +1] for the translation ?k,m,n’
such that a high score provides evidence in favor of this
translation. Next, an empty voting space V% is initialized
for pillar k. With the range of allowed translation within At
seconds set t0 (Zmin, Tmaz) A (Ymins Ymaz )» Vi is sim-
ply a discrete grid of size H,, x W,,, where H, = Ymeztmin

Y
and W, = #maz=tmin = AJl M x N votes are collected by
summing their scores in the correct bins,

VLT VLT v 1
k kﬂn,n) < k( k7m,n)+3k,m,n m,n. (1

Finally, all votes can be summarized. Simply taking the
argmax on V’,fC has several downsides, however. It would
only identify a single dominant direction, which can be er-
roneous during early training, and it could only produce a
coarse discretized motion. Instead, our Voting Module sum-
marizes the vote as a continuous feature vector such that
the later decoder can access all voting information. This
is achieved by applying two convolutional layers (with Re-
LUs) to each V%, and flattening the result. The voting fea-
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Figure 2. The overall architecture of VoteFlow. VoteFlow introduces a new end-to-end optimizable Voting Module that matches features
in the local region around each pillar. Such matches are used to vote for a translation of the pillar. A CNN module summarizes the resulting
votes as a ‘voting feature’. The voting features are the output of the module and passed on to the decoder.

tures for all non-empty pillars are collected as H (the de- that minimizes the distance between X' and XHM, where
coder will not need to lookup features for empty pillars). R =X+ F'. Let D(x,Y) = min |x -y, |, then

€Y
3.2.3. Decoder "
The decoder transforms the learned features into flow pre- Lehamfer = % Z D(x, X”At)
dictions. Similar to baseline works [15, 41], the decoder X' xext
retrieves point-wise features from pseudo images I' and 1 At
I”At, the fused features G, but now also the voting fea- +W Z D(x,X).
tures H by reusing the point-to-pillar indices. Additionally, xextrar
the decoder also appends point-wise offsets (with respect The other loss functions are: Laynamics Lstatic» and
to the pillar center) to point-wise features. The point-wise Letuster- Laynamic is the same as Lepam fer but only ap-
features go through 4 layers of fully connected layers (with plies to dynamic points, which are predefined by an of-
ReLUs) and become per-point scene flow prediction. No- fline method DUFOMap [9]. The purpose is to handle
tably, the decoder differs from SeFlow [51], as it uses fully class imbalance as dynamic points are the minority of the
connected layers rather than GRU layers. This is to reduce points. Lgatic is only imposed on static points, which en-
the computational cost during both training and inference. courages static points to have zero flows. Ljyster is only

on pre-clustered points computed by HDBSCAN [30] and

3.3. Loss functions encourages the points from the same cluster to have the

We train VoteFlow in a self-supervised manner, adopt- same flow predictions. The total loss function is defined
ing the loss functions from SeFlow [51]. The first loss as Liotal = Lehamfer + Laynamic + Lstatic + Letuster- We
is the common bidirectional Chamfer loss [23] Lcnam fer refer the readers to baseline work [51] for details.

17158



3.4. Implementation details

We follow previous works [41, 51] and Argoverse 2 official
evaluation protocol to configure the hyperparameters. All
point clouds are cropped within 102.4 x 102.4 meters and
compensated by ego motion. Ground points have also been
removed using rasterized HD maps. We set pillar sizes d,
and d,, to be 0.2 meters and maximal translations %, and
Ymaz tO be 2 meters, resulting in a 20 x 20 voting space V
per pillar where H, and W, are equal to 20. To conduct
voting, we select M = 8 nearest neighbors for a given pillar
at t and sample N = 128 neighboring pillars at ¢t + At. The
same setup also applies to the Waymo Open Dataset.

During training, we train VoteFlow for 12 epochs using
Adam [18] optimizer and set the learning rate to the 2 x e ™4,
which is later decreased by 10 after 6 epochs.

4. Experiments

We validate our approach on both the Argoverse 2 [46] and
Waymo [39] datasets, which are the most commonly used
datasets for scene flow in autonomous driving. This section
describes the datasets, evaluation metrics and baselines, fol-
lowed by evaluations and discussions.

4.1. Datasets

The Argoverse 2 dataset [460] contains LiDAR scans cap-
tured by two roof-mounted 32-beam LiDARs, with a 0.1
second interval between consecutive scans. All LiDAR
scans are compensated by ego motion. The ground points
within the dataset are removed according to a rasterized
height map. We conduct evaluations on the official test split.
The Argoverse 2 2024 Scene Flow Challenge [16] has pro-
vided many baseline results on Argoverse 2.

We also evaluate on the Waymo Open [39] benchmark
similar to [41, 51]. It contains 798 training and 202 vali-
dation scenes, with a LiDAR frequency of 10 Hz. Ground
points are removed like Argoverse 2, and LiDAR scans are
provided with ego-motion compensation.

4.2. Evaluation

We adopt the Bucketed Normalized EPE metric for eval-
uation on Argoverse 2 [16], which directly measures per-
formance disparities across semantic classes and speed pro-
files, allowing us to normalize comparisons between classes
moving at different speeds.

EPE stands for endpoint error between a predicted flow
and ground truth flow. There are four classes in total: Car,
Pedestrian, Other Vehicles, and Wheeled VRU. For each
class, we compute the static EPE (in meters), which is the
average endpoint error of all static points (with a speed
lower than 0.4m/s) and the dynamic normalized EPE (in
ratio, defined as the mean of normalized endpoint errors
over a set of predefined speed profiles, e.g., 0.4 — 0.8m/s,

0.8 - 1.2m/s, etc. Normalizing the endpoint error by speed
ensures that high-speed objects (e.g., cars) and low-speed
objects (e.g., pedestrians) are fairly evaluated. For exam-
ple, a 0.5m/s error on a car moving 20m/s is negligible
(< 2.5%), while a 0.5m/s error on a pedestrian moving
0.5m/ s fails to depict the pedestrian’s motion.

On the Waymo Open dataset, we adopt the three-way
EPE (in meters) evaluated on foreground static, foreground
dynamic, and background, since Bucketed Normalized EPE
is not yet available on the Waymo Open Dataset [16].

4.3. Baselines

We compare VoteFlow against five prominent baselines in-
cluding NSFP [23], FastNSF [24], ZeroFlow [41], ICP-
Flow [25] and SeFlow [51]. NSFP [23] and FastNSF [24]
use test-time optimization. ZeroFlow [41] uses pseudo la-
bels produced by NSFP [23] for training and exhibits strong
scalability when ample data is available. ICP-Flow [25] in-
corporates motion rigidity explicitly into the design. How-
ever, it lacks the ability to learn strong features from data.
SeFlow [51] is a recent work from ECCV’24 that achieves
top performance on the leaderboard, thus providing a good
reference for evaluating our model. Although VoteFlow
focuses on self-supervised learning, we also include sev-
eral fully supervised baselines, namely Flow4D [17], De-
Flow [50], FastFlow3D [15] and TrackFlow [16].

4.4. Comparison on Argoverse 2

Tab. 1 shows the comparison on the Argoverse 2 test split,
including both supervised and self-supervised approaches.
We directly take the results from the Argoverse 2 Scene
Flow Challenge Leaderboard . We focus primarily on the
dynamic errors over different categories, represented by
normalized EPE (in ratio), since static errors, indicated by
EPE (in meters) are negligible.

On average, we improve over the previous best, Se-
Flow, by 2.0%pt (percentage points) in dynamic normalized
EPE averaged over all four categories, indicating the effec-
tiveness of the motion rigidity prior in VoteFlow. Among
all four categories, VoteFlow outperforms SeFlow on Car,
Other Vehicles, Pedestrian, and Wheeled VRU by a mar-
gin of 1.2%pt, 0.4%pt, 4.6%pt, and 1.8%pt, respectively.
An illustrative example to demonstrate the performance gap
is that, given a car moving at 20 m/s, we reduce the EPE
error by approximately 2.4 cm, as the normalized EPE is
equivalent to the estimated speed error from EPE divided
by ground truth speed. ICP-Flow is a strong baseline that
achieves the best results on Car. However, its performance
lags behind by a large margin on Wheeled VRU, thus lead-
ing to an inferior overall result.

Compared to supervised models, there is still a perfor-
mance gap of 11.5%pt between our VoteFlow and the best-

* ,
https://www.argoverse.org/sceneflow.html
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Bucketed Normalized EPE |

3-way EPE | (in meters)

Method Labels Dynamic (normalized EPE Static (EPE, in meters)

Mean > Car O.V. Pd. ) W. VvV ( Mean Avg. FD BS ES
FastFlow3D [15] e 0.532 0.243 0.391 0982 0.514 0.018 0.062 0.156 0.005 0.024
DeFlow [50] e 0.276 0.113 0.228 0.496 0.266 0.022 0.034 0.073 0.004 0.025
TrackFlow [16] e 0.269 0.182 0.305 0.358 0.230 0.045 0.047 0.103 0.002 0.037
Flow4D [17] e 0.174 0.096 0.167 0.278 0.155 0.012 0.025 0.057 0.003 0.015
FastNSF [24] 0.383 0.269 0.413 0.500 0.325 0.074 0.112 0.163 0.091 0.081
NSFP [23] 0.422 0.251 0.331 0.723 0.383 0.028 0.061 0.116 0.034 0.032

ZeroFlow [41] 0.594 0.327 0476 0966 0.608 0.020 - - - -
ICP-Flow [25] 0.331 0.195 0.331 0435 0.363 0.027 0.065 0.137 0.025 0.033
SeFlow [51] 0.309 0.214 0.292 0463 0.267 0.014 0.049 0.121 0.006 0.022
VoteFlow (ours) 0.289 0.202 0.288 0.417 0.249 0.014 0.046 0.114 0.006 0.018

Table 1. Comparison on Argoverse 2 test split. We compare all models using the Bucketed Normalized EPE, allowing for fine-grained
analysis on individual classes, including Car, Other Vehicles (O. V.), Pedestrian (Pd), and Wheeled VRU (W. V.). The dynamic normalized
EPE is a ratio as the endpoint error has been normalized by speed, while the other EPE metrics are in meters [16]. All results are from
the Argoverse 2 Scene Flow Challenge Leaderboard. Our VoteFlow performs the best among all self-supervised models on mean dynamic
normalized EPE. On individual classes, VoteFlow achieves the best result on Pedestrian and Wheeled VRU and performs competitively on
Car and Other Vehicles, with only marginal gaps to the best. The inference time of VoteFlow is approximately 25.6 ms per sample on an

A100 GPU.
Same-domain EPE | (in meters)
Method Labels training FD FS BS

FastFlow3D [15] v N 0.195 0.025 0.015
DeFlow [50] v Ve 0.098 0.026 0.010
FastNSF [24] v 0.301 0.015 0.040
NSFP [23] v 0.171 0.108 0.022
ZeroFlow [41] v 0.216 0.015 0.024
SeFlow [51] v 0.151 0.018 0.011
VoteFlow (ours) v 0.117 0.015 0.016
SeFlow [51] 0.155 0.018 0.013
VoteFlow (ours) 0.142 0.014 0.012

Table 2. Comparison on Waymo Open validation split. We
report the EPE results on foreground dynamic (FD), foreground
static (FS), and background static (BS). Although without train-
ing on Waymo, our model exhibits the best result across self-
supervised models, indicating the generalization ability of Vote-
Flow across datasets.

performing Flow4D. Notably, Flow4D differs from others
in using multiple LiDAR consecutive scans during training,
indicating that exploring temporal information is a highly
effective approach to further enhance the performance of
scene flow estimation.

4.5. Comparison on Waymo Open

We also compare various models on the Waymo Open
dataset, as shown in Tab. 2. The evaluation metric is EPE
(in meters), evaluated on Foreground Dynamic (FD), Fore-
ground Static (FS), and Background Static (BS). When
training and valuation are both on Waymo, our model out-
performs SeFlow by a margin of approximately 3 cm on

FD. Notably, our VoteFlow exhibits the best performance
among all self-supervised models on FD and FS even if we
load the pretrained checkpoint on the Argoverse 2 dataset
and directly test its performance on Waymo. VoteFlow ex-
cels without time-consuming and data-demanding training
on the Waymo Open dataset, indicating its strong robust-
ness across datasets.

4.6. Analysis on voting

We analyze the voting space qualitatively in Fig. 4 to val-
idate its role in scene flow prediction. The middle column
shows the voting space for a given pillar, indicated by a red
triangle marker (A) in the ground truth plot. We calculate a
translation vector (indicated by the red arrow —) that points
from the plot center (indicated by x) to the argmax bin
(indicated by m), i.e., the bin with the maximal vote. The
center of voting space indicates zero translations and each
bin represents a 0.2 x 0.2 meters region. As a reference, we
also provide the ground truth flow (in digits) at the bottom
of the ground truth figures. Overall, the argmax bin in the
voting space has a similar translation as the ground truth
flow in both direction and displacement.

4.7. Ablation study

This section studies the impact of the key hyperparameters
and the choice of decoder in model design.

4.7.1. Impact of M and N

M and N are two key hyperparameters in our Voting Mod-
ule. Ideally, the M neighbors represent points from the
same rigid body. We deploy k-NN search [36] to localize
the nearest neighbors at time ¢. In contrast, N defines the
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SeFlow

VoteFlow (ours)

Figure 3. Qualitative results on Argoverse 2 validation set. Colors indicate directions and saturation of the color indicates the scale of
the flow estimation. Thanks to the local rigidity prior, our VoteFlow predicts more consistent and coherent flow over objects compared to

our baseline.

number of potential correspondences at ¢ + At, which is ex-
pected to cover the entire search area. We employ the ball
query function [36] to search potential neighbors within a
specified radius. Our experiments in Tab. 3 showcase that
changing M has a marginal impact on the performance.
Raising N does not bring performance gain on Cars and
Other Vehicles but benefits the result on small-scale objects,
such as Pedestrians and Wheeled VRUs. This enhancement
is likely due to the increased coverage of pillars that may
contain an object at time ¢ + At.

4.7.2. Choice of Decoder

Tab. 4 compares different decoder choices. SeFlow [51]
employs a decoder with multiple GRU layers and iteratively
refines features. We take the same design and insert our
Voting Module. Compared to the SeFlow, VoteFlow with
GRU decoder yields a substantially better result in the cate-
gory Pedestrians but worse in Other Vehicles. Additionally,
using GRU decoders slows down training. We further test
a simple setup in our model, which consists of four fully
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Ground Truth Predicted Flow

Voting Space

Figure 4. Visualization of the voting space. We select a pillar
representing a moving object and plot its voting space, where the
center indicates zero translations and boundaries indicate minimal
and maximal translations along both dimensions. As shown in the
voting space, the red arrow aligns with the ground truth flow (up to
quantization errors). Overall, the voting space depicts the heatmap
of the object’s motion. For example, in the top row, the object is
expected to move towards the bottom right, and the predicted heat
map also has high responses along the same direction.

Bucket Normalized EPE (])

M N  Latency (ms) Dynamic (normalized EPE)

Mean  Car 0. V. Pd. Ww.V
4 128 27.3+£5.0 0.337 0.223 0.355 0.434 0.338
8 128 25.6+5.2 0.335 0.222 0.347 0424 0.347
16 128 27.2+5.2 0.337 0223 0.341 0444 0.338
32 128 28.7+5.2 0.336  0.222 0.350 0.434 0.337
64 128 81.9+17.3 0.339 0.221 0.352 0.442 0.341
8 64 25.3+4.3 0.343  0.221 0.362 0.449 0.341
8 256 27.4+5.4 0.337 0222 0370 0.422 0.334

Table 3. Ablation study on M and /N on Argoverse 2 val split.
We empirically test the influence of M and N on VoteFlow. La-
tency is measured on a single A100 GPU.

connected layers, and achieve significantly improved per-
formance. Hence, our model uses the MLP decoder due to
its computation efficiency and outstanding performance.

4.8. Qualitative evaluation

In Fig. 3, we show qualitative comparisons against Se-
Flow [51], the best-performing self-supervised baseline.
Colors indicate directions and color saturation indicates the
scale of the flow estimation. In the first row, we show
the scene flow of a long bus, highlighted in the red box.

Our method generates consistent predictions across nearly
the entire vehicle, revealed by uniform coloring and co-
herent saturation. In contrast, predictions from SeFlow
focus primarily on the front section, indicating a lack of
rigid prior. Nevertheless, our method still encounters diffi-
culties in yielding completely accurate predictions for this
larger object. Similarly, in the second row, the SeFlow pre-
dicted flow on the object instance appears to be inconsis-
tently colored compared to the ground truth, whereas our
model achieves more uniform coloring overall. In the third
row, SeFlow generates false positive predictions (FP) over
a static object, implying that motion rigidity was not cap-
tured for the entire object. Despite a few false negatives,
VoteFlow’s predictions remain largely consistent with the
ground truth. Qualitative results show that the architectural
inductive bias in our VoteFlow improves the motion rigidity
in scene flow prediction.

Bucketed Normalized EPE ({)

Decoder # Params (M) Dynamic (normalized EPE)
Mean Car O.V. Pd. W.V
SeFlow [51] 0.077 0369 0.234 0.342 0541 0.358
VoteFlow (GRU decoder [50]) 0.100 0354 0.221 0374 0475 0.344
VoteFlow (MLP decoder) 0.087 0335 0.222 0.347 0.424 0.347

Table 4. Ablation Study on different decoder choices on Argo-
verse 2 val split.

5. Conclusions

Our novel method, VoteFlow, is a state-of-the-art self-
supervised scene flow estimation method. By using a novel
Voting Module, we match pillar features across local spa-
tial regions of subsequent LiDAR scans. This presents a
new approach to incorporate motion rigidity inductive bias
into scene flow estimation, distinct from loss-based and
clustering-based approaches found in prior work. Our ex-
tensive experiments show that VoteFlow is competitive or
outperforms other self-supervised models on Argoverse 2
and Waymo, and also when testing on Waymo even without
training on Waymo.

Limitations and future work. In our work, the size of
the voting space V', H, x W,,, depends on the magnitude of
potential translation .4, and Y,,q.. As At increases, the
maximum possible translation grows, expanding the voting
space and increasing the computational burden. In future
work, we aim to extend the voting strategy to incorporate ro-
tations alongside translations and enhance the voting mod-
ule’s efficiency, particularly for longer time intervals.

Furthermore, fusing multi-modal information of an
autonomous driving car for joint scene flow and optical
flow estimation is also of our interest [44].
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