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Abstract

Recent advances in machine learning have shown that Reinforcement Learning
from Human Feedback (RLHF) can improve machine learning models and align
them with human preferences. Although very successful for Large Language Mod-
els (LLMs), these advancements have not had a comparable impact in research for
autonomous vehicles—where alignment with human expectations can be impera-
tive. In this paper, we propose to adapt similar RL-based methods to unsupervised
object discovery, i.e. learning to detect objects from LiDAR points without any
training labels. Instead of labels, we use simple heuristics to mimic human feedback.
More explicitly, we combine multiple heuristics into a simple reward function that
positively correlates its score with bounding box accuracy, i.e., boxes containing
objects are scored higher than those without. We start from the detector’s own pre-
dictions to explore the space and reinforce boxes with high rewards through gradient
updates. Empirically, we demonstrate that our approach is not only more accurate,
but also orders of magnitudes faster to train compared to prior works on object
discovery. Code is available at https://github.com/katieluo88/DRIFT.

1 Introduction

Self-driving cars need to accurately detect the moving objects around them in order to move safely.
Most modern 3D object detectors rely on supervised training from 3D bounding box labels. However,
these 3D bounding box labels are hard to acquire from human annotation. Furthermore, this supervised
approach relies on a pre-decided vocabulary of classes, which can cause problems when the car
encounters novel objects that were never annotated.

Our prior work, MODEST [55], introduced the first method to train 3D detectors without labeled data.
In that work, we point out that instead of specifying millions of labels, one can succinctly describe
heuristics for what a good detector output should look like. For example, one can specify that detector
boxes should mostly enclose transient foreground points rather than background ones; they should
roughly be of an appropriate size; their sides should be aligned with the LiDAR points; their bottom
should touch the ground, etc. Although such heuristics are great for scoring a set of boxes proposed
by a detector, training a detector on them is hard for two reasons: First, these heuristics are often
non-linear, non-differentiable functions of the detector parameters (for example, a slight shift of
the box can cause all foreground points to fall off.) Second, existing object detection pipelines use
carefully designed training objectives that heavily rely on labeled boxes, that are difficult to modify
(for example, PointRCNN [40] infers point labels from box labels and uses these for training). For
these reasons, MODEST had to utilize an admittedly slow self-training pipeline to incrementally
incorporate common-sense heuristics.
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Figure 1: Detection performance on Lyft test data as a function of training epochs. DRIFT
demonstrates significantly stronger performance and faster learning. With only 9 hours of training, it
outperforms both baselines that have been trained for days.

In this paper, we propose a new reward ranking based framework that utilizes these common-sense
heuristics directly as a reward signal. Our method relies on finetuning with reward ranking [31, 27,
13, 33], where given an initialized object detector, we finetune it for a predefined set of desirable
detection properties. This bypasses the need to encode heuristics as differentiable loss functions and
avoids the need to hand-engineer training paradigms for each kind of object detector. Recent success
with reinforcement learning from human feedback (RLHF) has proven effective in improving machine
learning models —in particular, large language models (LLMs)— and aligning them with human
preferences [31, 27]. However, these advancements have not been applicable to detection-based vision
models that are trained with per-instance regression and are difficult to view under a probabilistic
framework. To address this challenge, we utilize insights from reward ranked finetuning [13], a
non-probabilistic paradigm designed for finetuning of LLMs, which inspired us to develop a similar
framework for object discovery.

We refer to our method as Discovery from Reward-Incentivized Finetuning (DRIFT). DRIFT does
not require labels, and instead uses the Persistency Prior (PP) score [55, 3] as a heuristic to identify
dynamic foreground points based on historical traversals. These foreground points give rise to rough
(and noisy) label estimates [55], which we use to pre-train our detector. The resulting detector
performs poorly but suffices to propose many boxes of roughly the right sizes that we can use for
exploration. To facilitate reward ranked finetuning, we first propose a reward function to score boxes.
Ideally, only boxes that tightly contain objects (e.g. a car) should yield high rewards. We achieve
this by combining several simple heuristics (e.g. high ratio of foreground points) and assuming some
rough knowledge about the object dimensions. During each iteration of training, DRIFT performs
the following steps: 1. the object detector proposes many boxes in a given point cloud scene; 2. the
boxes are “jittered” through random perturbations (as a means of exploration); 3. the boxes are scored
according to the reward function; 4. the top-k% non-overlapping boxes are kept as pseudo-labels for
gradient updates.

We evaluate DRIFT on two large, real-world datasets [12, 24] and show that we significantly out-
perform prior self-training methods both in efficiency and generalizability. Experimental results
demonstrate that using reward ranked finetuning for object discovery under our framework can
quickly converge to a solution that is on par with out-of-domain supervised object detectors within a
few training epochs, suggesting that DRIFT may point towards a more general unsupervised learning
formulation for object detectors in an in-the-wild setting.

2 Related Works

3D Object Detection. 3D object detection models usually take in LiDAR point clouds or multi-view
images as input and aim to produce tight bounding boxes that describe nearby objects [9, 52, 26, 39,
40, 53, 54, 34]. Existing methods generally assume the supervised setting, in which the detector is
trained with human-annotated bounding boxes. However, annotated data are often expensive to obtain



and limited in quantity. Furthermore, in tasks such as self-driving, environments can have highly
varied conditions, and detectors with supervised training often require adaptation with additional
labels from the new environment [47].

Unsupervised Object Discovery. The unsupervised object discovery task aims to identify and
localize salient objects without learning from labels. Most existing works perform discovery from 2D
images [8, 14, 45, 36, 2, 43, 48] or depth camera frames [21, 23, 17, 25, 20, 1]. Discovery from 3D
LiDAR point clouds is underexplored. [49] performs joint unsupervised 2D detection and 3D instance
segmentation from sequential point clouds and images based on temporal, motion and correspondence
cues. MODEST [55] pioneers in performing label-free 3D object detection. It exploits high-level
common sense properties from unlabeled data and bootstraps a dynamic object detector via repeated
self-training. Despite promising performance, it requires excessive training time, which makes it
difficult for practical use and development.

Reward Fine-Tuning for Model Alignment. Recently, foundation models [6, 29, 11, 44, 35, 37]
have been shown to achieve strong performance in diverse tasks [5, 50], but sometimes produce
outputs that do not align with human values [18, 30, 10]. A line of research aims to improve model
alignment under the paradigm of Reinforcement Learning with Human Feedback (RLHF). Some
pioneering works [41, 31, 33] learn a reward model and train foundation models with Proximal Policy
Optimization (PPO) [38], but PPO is often expensive and unstable to train, and more importantly,
requires a probabilistic output on the action space. This makes it hard to use for the object detection
setting, which primarily uses regression-based losses. Reward ranked finetuning [27, 13] is a
simplified alternative paradigm. It samples from a foundation model itself, filters generations using
the reward model, and conducts supervised finetuning with the filtered generations.

3 Discovery from Reward-Incentivized Finetuning

Our framework, DRIFT, is inspired by the recent success of reward ranked finetuning methods for
improving model alignment in the NLP community [13, 27]. We show that a similar approach can be
adapted for 3D object discovery.

Problem Setup. We wish to obtain a dynamic object detection model on LiDAR data, i.e., a model to
detect mobile objects in the LIDAR point clouds, without human annotations. Let P 2 RN 2 denote
a N -point 3D point cloud captured by LiDAR from which we wish to discover objects. We assume
inputs of unlabeled point clouds collected by a car equipped with synchronized sensors including
LiDAR (for point clouds) and GPS/INS (for accurate position and orientation). Since no annotation
is involved, such a dataset is easy to acquire from daily driving routines; we additionally assume it to
cover some locations with multiple scans at different times for computation of PP-score.

Dynamic Point Proposals. DRIFT leverages prior works that use unsupervised point clouds to
extract foreground-background segmentation proposals. While many works [22, 3] have promising
dynamic foreground segmentation results, in this work we rely on point Persistency Prior score
(PP-score) [55] for its accuracy and leave the extension of other proposal methods to future work.
For the purpose of this research, dynamic foreground points constitute LiDAR points reflecting off
traffic participants (e.g. cars, bicyclists, pedestrians).

Using historical LIDAR sweeps collected at nearby locations of our point cloud P, the PP-score [3, 55]
(P)2][0; 1]N can provide an informative estimate on the per-point persistence, i.e., whether a point
belongs to persistent background or not. The PP-score is defined as the normalized entropy over past
point densities, based on the assumption that background space such as ground, trees, and buildings
tend to exhibit consistent point densities across different LIDAR scans (high entropy), whereas points
associated with mobile objects exhibit high density only if an object is present (low entropy).

3.1 Rewarding “Good” Dynamic Boxes
We first establish a reward function that evaluates the quality of a set of bounding boxes for dynamic
where each bounding box b is represented as an upright box with parameters (Xi; Vi; zi; Wi; li; hi; i),

defining the box’s center, width, length, height, and z-rotation, respectively. The scoring function R
scores the validity of the bounding boxes, given the observed point cloud P . In practice, a reward



Figure 2:lllustration of the reward components. The reward encourages boxes that have proper
shape and alignment, and capture more dynamic points and few background points.

function that is positively correlated with loU should suf ce. We present our proposed reward
function which aims to capture only dynamic points, Iter nonsensical boxes, enforce correct size,
and encourage proper box alignment to the captured dynamic points.

Shape Prior Reward. We enforce a box to not deviate signi cantly from a set of prototype sizes

mixture of C isotropic Gaussians with mixture weights diagonal variances j, and corresponding
means a$w;; I;; h;). These low-level statistics may be acquired directly from the dataset, or from
vehicle specs and sales data available onking [In practice, we scale the mixtures such that the
probabilities at the Gaussian means are equal for stability reasons. With this, the shape prior reward
for boxb is computed as:

Rshapdb) = Ps(b): 1)
Alignment Reward. Due to the nature of LIDAR sensing, the points will mostly fall on the lateral

surfaces of an object. Therefore, a well-formed box should have dynamic points approximately close
to theboundaryof a box (Fig. 2 middle). Asg5] shows, PP-score allows for easy separation of
dynamic and persistent background points. Rgf, denote the set of dynamic points, andRg

be that of background points. In practice, since the PP-score is an approximation of ground-truth
persistence, we de nBgy, = fpj (p) < 0:6gandPyy= fpj (p) 0:9g.

Given a boxb, we denote all points within and close to

the box ag0(b). Only points withinO(b) contribute to

the reward ot. In practice, we le©D(b) consist of all

points within a 2 scaled up version db (with identi-

cal center and rotation). To score a bloxwe design

a reward function that identi es how “typical” the dy-

namic points withinO(b) are. For each dynamic point

p 2 O(b)\ Pgyn, we compute the scaling factsg.p,

required so that the rescaled box touchesith one of

its sides; i.e., if a point is inside the box, the box would

have to be scaled dowsy, < 1) to touch the point, if

the point is outside it must be scaled . > 1). We Figure 3: Distribution of dynamic points
assume thag,.p, roughly follows a Gaussian distributionnear ground truth bounding boxes. We

centered near the box boundary, and visualize the actfgerve that dynamic points near bounding
distribution in Fig. 3. boxes fall in an approximate Gaussian distri-

bution centered near box edgss.(  0:8).
We de ne our reward as the likelihood under this Gaussian

distribution over scaling parameters. We approximate it as a Gaussian with hyper-parameters mean
scale@Nd a variancescae Our reward is the product of the probability of each poin®i¢b):

Y
Ralign(b) = N (Sp;bj scale  scald)- (2)
p20(b)\ Pgyn

Common Sense Heuristics and FilteringLastly, a proper bounding box must capture the dynamic
points, and avoid capturing the background points (Fig. 2, right). This heuristic can be encoded by a



simple weighted point count for each bounding fox

Reoun(0) = dyn jPayn\ O (b)j bg JPbg\ O (b)j:
Intuitively, it assigns a reward in proportion to the number of dynamic points captured by the box,
and a penalty in proportion to the number of background points captured.

Furthermore, boxes violating common sense should be assigned a low reward. We Iter boxes that
are too high up or too low from the ground, including those with too few dynamic points, or are too
small or too large by directly assigning a reward of 0. In practice, we Iter boxes that contain fewer
than 4 dynamic points, or that have more than 80% persistent points, similar to [55].

In summary, the reward function is designed to be

shape RshapdD) + align Raign(b) + Reoundb)  if obeys common sense,

R(b) = 0 otherwise.

®3)

3.2 Exploration Strategy for Improved Discovery

We assume a simple exploration strategy for identifying good box proposals. Given a set of current
object proposals given by the detector, we locally perturb the boxes in the output space:

Bexplore P (Bo; ); 4)
whereBeypiore is the set of explored boxes, perturbed from the model prop&gal&or each box
b 2 By, a set of explored boxes are sampled according to a standard Gaussian noise along the position
and size dimensions and uniform noise for orientation:
bcemer N (bgenter; 2| ); bsize N (bgize; 2| ); bexplore U (bO : bO + ): (5)

explore explore

Furthermore, to encourage proposals gf—— — - -
boxes in foreground regions, we take irZi_dgonthm 1 Reward-Incentivized Finetuning

spiration from b6, 40] and re-use PP-scorelnput: Base object detector , unlabeled LIDAR
aspoint-levelsemantic segmentation (fore- dataseD, exploration noise , sample siza, lter
ground vs background) labels, with which budgetk, reward functiorR, PP-scores.

the detector is encouraged to propose boxesrepeat

at points that have low PP-scores (i.e.are P D . Sample point cloud.
likely to be foreground points). Following Bo f (P) . Run detector for proposals.
[56], for each poinp; 2 P with prediction Bexplore P (Bo; ) . Samplen boxes.
¥, we assign its target classi cation label r f R(b)J2s opods o - ScOre boxes in set.
yi as: E Nl\é_ls(B(eBXploreIE)B 0s r)K % b

. o to ilter(B;r; . Keep topk% boxes

P = 11 (pi)_< Lorgi =1 (6) Upr()jate with Bop for 1 step
0 otherwise. until converged

In effect, this encourages all non-persistent
points (i.e., low (p;)) to propose boxes near dynamic regions for better exploration.

3.3 Reward-Incentivized Finetuning

The reward functiorR allows us to quickly evaluate proposed bounding bdesd the task of 3D
object discovery could be reduced to an optimization problem on the total reward in box set space:
X

B = arg max R(b); (7)
B b

where the sum is taken over the boxes in theBseAlthough a direct optimization foB is not
plausible due to the non-polynomial search space and discontinuyRcan serve as effective
guidance to facilitate model netuning. The underlying intuition is similar to curriculum learring [

28, 46]: the object detection model takes small steps to improve from its current predictions towards
B by following the direction provided by the maximurhdirection in a local space.

As illustrated in Alg. 1, in each training iteration, we rst let the object detector perform inference
on a point cloud® and propose a set of dynamic objeBtsin the scene. To explore directions



of improvement with the non-differentiable reward functi®nwe samplen boxes fromBg (with
replacement) and add and. Gaussian noise on their location and size, and an uniform noise on
orientation following Eq. 4. These sampled boxes are then ranked by the reward fuR¢ctiowhich

the topk non-overlapping boxes are selected by Non-Maximum Suppression (NMS) as training
targets to netune the object detector. Note that siDEJFT treats the model training/inference
procedures as black boxes, it can be applied to any 3D object detection model.

In practice, it is observed that neural networks can acquire task knowledge from imperfect demonstra-
tions [16, 51, 32]. MODEST [55] pre-trained the 3D object detector on noisy seed labels produced
by DBSCAN [15] clustering on spatial and PP-score. We folld&®][and initialize our 3D object
detector a model trained with discovered seed labels.

4 Experiments

Datasets.We experimented with two different datasets: Lyft Level 5 Perception dat24edrid
Ithaca-365 dataset P]. To the best of our knowledge, these are the two publicly available datasets that
contain multiple traversals of multiple locations with accurate 6-DoF localization and 3D bounding
box labels for traf ¢ participants.

In the Lyft dataset, we experiment with the same split providedb}; jvhere the train set and test

set are geographically separated. It consists of 11,873 train scenes and 4,901 test scenes. For the
Ithaca365 dataset, we experimented with the full dataset which consists of 57,107 scenes for training
and 1,644 for testing. For both datasets, we do not use any human-annotated labels in training. To
show the generalizability of our method, we conduct the development on the Lyft dataset, i.e., all the
hyperparameters of our approach are nalized through experiments on Lyft, and we use the exact
same set of hyperparameters for all experiments in Ithaca365.

Evaluation. Following [55], we combine all traf ¢ participants to a single mobile object class and
evaluate the detector's performance on this class. Note that the labels are not used during training but
solely for evaluation. For Lyft, we report the mean average precision (mAP) of the detector with the
intersection over union (loU) thresholds at 0.5 and 0.7 in bird-eye-view perspective. Note that mAP
at 0.7 loU threshold is a stricter and harder metric and was not evaluatef] jafd we include it to
emphasize the effectiveness of our method. For Ithaca365, we adopt metrics similar to tfiffise in [
we evaluate mean average precision (mAP) for dynamic objects @i0de; 2; 4gm thresholds that
determine the match between detection and ground truth; we also compute 3 types of true positive
metrics (TP metrics), including ATE, ASE and AOE for measuring translation, scale and orientation
errors. These TP metrics are computed under a match distance thresBoigaafditionally, we also
compute a distance-based breakdown (0-30m, 30-50m, 50-80m) for these metrics.

Implementation. We use PointRCNN/4Q] as our default architecture and we use the implementation
provided by OpenPCDetiP]. We trainDRIFT with 120 epochs in Lyft and 30 epochs in Ithaca365
as the default setting, and observe that the performance generally improves with more training epochs
(Fig. 1). We use shape =1, aign =1, dyn =0:00land pg=0:001 We use scae = 0:8and

scale = 0:2 for the alignment reward. We de ne the shape priors based on four typical types of
traf ¢ participants: Car, Pedestrian, Cyclist, and Truck. Speci cally, we use the mean and standard
deviation of box sizes of each class in the Lyft dataset, but we show that they generalize well to
other domains like Ithaca365 and are not sensitive (Tab. 2) The exact prototyp8 simdther
implementation details can be found in the supplementary materials.

Baselines.To the best of our knowledge, MODES%Y] is the only prior work on this problem and

we compare our methddRIFT against it with various variants of MODEST: (1) No Finetuning:
the model trained with seed labels from PP-score without repeated self-training (MODEST (RO0)) in
[55]; (2) Self-Training { ep): the model initialized with (1) and self-trained witepochs without
PP-score ltering; (3) MODESTi(ep): the model initialized with (1) and self-trained witepochs

with PP-score Itering (full MODEST model). For self-training in (2) and (3), we adopt 60 epochs
for each self-training round in the Lyft dataset (same as th&5}) fnd 30 epochs for the Ithaca365
dataset. To ensure a fair comparisPRIFT is also initialized from (1) and use the same detector
con gurations as the baselines. Followirsp], we also compare with the supervised counterparts
trained with human-annotated labels from the same dataset (Lyft or Ithaca365) and from another
out-of-domain dataset (KITTI).



Table 1:Detection performance on Lyft. DRIFT outperforms both baselines with 10% training
time, and approaches the performance of the out-of-domain supervised detector trained on KITTI.
Please refer to the setup of Sec. 4 for the metrics.

mAP loU @ 0.5Y) mAP loU @ 0.7 ()

Method 0-30 30-50 50-80 0-80 0-30 30-50 50-80 0-80
No Finetuning 44,1 211 12 239 244 6.0 0.1 105
Self-Train. (60 ep) 50.0 29.0 3.4 286 325 10.0 03 14.0
Self-Train. (600 ep) 56.7 41.1 9.1 37.2 35.1 207 1.6 19.9
MODEST (60 ep) 49.6 29.7 3.4 2838 31.3 10.2 03 144
MODEST (600 ep) 56.4 454 11.3 39.6 33.6 18.6 1.4 188
DRIFT (30 ep) 60.1 40.2 9.1 383 39.0 24.2 36 231
DRIFT (60 ep) 60.3 43.8 146 4138 420 29.2 58 26.7
DRIFT (120 ep) 614 451 21.7 453 42,7 31.7 9.9 296

Table 2:Detection performance on Ithaca365We observéDRIFT outperforms both baselines with
signi cantly less training time. Please refer to the setup of Sec. 4 for the metrics.

mAP (') Errors 0-80m &)

Method 0-30 30-50 50-80 0-80 ATE ASE AOE
No Finetuning 187 48 00 77 117 060 164
Self-Train. (30ep) 259 9.2 12 124 108 062 1.57
Self-Train. (300 ep) 16.3 3.6 1.8 6.8 1.19 0.74 157
MODEST (30ep) 146 07 00 3.7 083 052 153
MODEST (300 ep) 275 263 210 271  1.06 0.67.09
DRIFT (15 ep) 391 243 17.7 280 073033 123
DRIFT (30 ep) 471 312 229 351 049035 1.20

Dynamic Object Detection Results.We report the perfor-Table 3: Analysis on rewards of
mance oDRIFT and baseline detectors on Lyft in Tab. 1, andoxes produced by different detec-
show the performance over the training epochs in Fig. 1. Wettgs. We report mean and std of box
port the performance on Ithaca365 in Tab. 2. NotaDRJFT reward on the Lyft dataset.
demonstrates signi cantly faster learning and strong perfor-

mance. It provides more than 1Gspeedup as compared to the Models Mean StD.
baselines. On LyftDRIFT's performance at 60 epochs already

surpasses the performance of both baselines at 600 epochs ( elrf]fjfrgiﬂxes 002&2 00'5175
self-training rounds) and approaches the performance of th ODEST. 0'57 0.58
out-of-domain supervised detector trained on KITI9[ On RIET 061 064
Ithaca365, its performance at 30 epochs signi cantly surpasse? i i

both baselines trained at 300 epochs. It even outperforms the
out-of-domain supervised detector trained on KITTI in mAP.
Observe that the self-training performance starts collapsing with more rounds of self-training, and
does not continue to improve.

Fig. 4 visualizes the detection on two scenes. Ground truth boxes are colored in green, predictions
from the detector without ne-tuning are in yellow, and predictions frDRIFT are in red. We
observe that the detector without ne-tuning occasionally produces false positive predictions, produces
boxes with incorrect sizes, or misses moving objects, while DRIFT produces accurate detection.

Rewards ablations.We report the average reward per box for ground truth boxes, random boxes, and
predicted boxes from different detectors in Tab. 3. The ground truth boxes have the highest rewards
on average, while the random boxes have the lowest. This indicates that the reward reasonably re ects






