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Abstract

Active learning has emerged as a promising approach to
reduce the substantial annotation burden in 3D object de-
tection tasks, spurring several initiatives in outdoor envi-
ronments. However, its application in indoor environments
remains unexplored. Compared to outdoor 3D datasets, in-
door datasets face significant challenges, including fewer
training samples per class, a greater number of classes,
more severe class imbalance, and more diverse scene types
and intra-class variances. This paper presents the first
study on active learning for indoor 3D object detection,
where we propose a novel framework tailored for this task.
Our method incorporates two key criteria - uncertainty and
diversity - to actively select the most ambiguous and infor-
mative unlabeled samples for annotation. The uncertainty
criterion accounts for both inaccurate detections and un-
detected objects, ensuring that the most ambiguous sam-
ples are prioritized. Meanwhile, the diversity criterion is
formulated as a joint optimization problem that maximizes
the diversity of both object class distributions and scene
types, using a new Class-aware Adaptive Prototype (CAP)
bank. The CAP bank dynamically allocates representa-
tive prototypes to each class, helping to capture varying
intra-class diversity across different categories. We eval-
uate our method on SUN RGB-D and ScanNetV2, where
it outperforms baselines by a significant margin, achiev-
ing over 85% of fully-supervised performance with just
10% of the annotation budget. Our code is available at:
https://github.com/JoeWang-0519/CVPR25_UMD.

1. Introduction

3D object detection, which aims to localize and identify
objects within a 3D scene, is crucial for various applica-
tions, including robotics [10], autonomous driving [20, 58],
and augmented/virtual reality [51]. While deep learning
techniques have achieved significant success in 3D object
detection [31, 41, 48], most existing approaches are data-
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Figure 1. Challenges in active learning for indoor 3D object de-
tection, including both uncertainty and diversity aspects. We
show two indoor scenes on ScanNetV2, with red boxes for ground
truths and cyan for predictions (10% data using CAGroup3D de-
tector), displaying only ‘chair’ and ‘door’ categories for clarity.
For uncertainty, the presence of undetected objects and inaccurate
detections undermines the quality of uncertainty estimation. For
diversity, high scene-type diversity and varying intra-class vari-
ances in indoor environments complicate diverse sample selection.
Our work presents a hybrid approach to address these challenges.

hungry [41], requiring large amounts of annotated data for
training. However, annotating objects in a 3D scene is a
labor-intensive process. For example, annotating a single
scene in the SUN RGB-D dataset takes over 1.9 minutes
per object, with an average of approximately 14 objects per
scene [46]. To mitigate the high costs of 3D annotation,
active learning (AL) [30, 34, 38] offers a promising solu-
tion. AL seeks to maximize the utility of limited labeling
resources by actively selecting the most informative sam-
ples for human annotation. Through this process, AL can
achieve performance comparable to fully-supervised meth-
ods, but with significantly fewer labeled samples.
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Although active learning has proven effective in image-
based tasks such as image classification and object detec-
tion, using uncertainty [5, 16, 37] or/and diversity [34, 38,
60] as selection criteria, its application to 3D object detec-
tion remains largely underexplored. To date, only a few
studies [12, 24, 25] have applied AL techniques to outdoor
3D object detection. For instance, CRB [25] uses label con-
ciseness to capture uncertainty, along with feature represen-
tativeness and geometric balance to enhance diversity for
sample selection. KECOR [24] favors samples whose latent
features have the highest coding length, thereby ensuring di-
versity. While these methods demonstrate effectiveness in
outdoor scenarios, they are suboptimal for indoor environ-
ments, as illustrated in Tab. 2, due to the unique challenges
posed by 3D object detection in indoor settings.

On the one hand, a 3D indoor dataset [6] could be 6.2x
smaller in scale but contain 3.3x more number of cate-
gories, with more severe class imbalance, compared to an
outdoor dataset [11], as shown in [14]. This scarcity of
training samples, coupled with pronounced class imbalance,
impairs 3D detection accuracy in indoor scenarios, lead-
ing to more frequent occurrences of inaccurate detection
and undetected objects, as illustrated in Fig. 1. In this fig-
ure, three detections are inaccurate, incorrectly localizing
background objects, while three other objects remain unde-
tected. These challenges underscore the need to account for
both inaccurately detected proposals and undetected objects
when selecting informative samples from unlabeled data.

On the other hand, unlike outdoor scenes, which primar-
ily feature road environments with a limited set of object
classes, indoor environments exhibit greater scene-type di-
versity and intra-class variances, caused by diverse layouts
and variations in object shapes within each class. For ex-
ample, as shown in Fig. 1, five ‘chair’ instances can form
three clusters in the embedding space due to the variations
in shape and occlusion. This phenomenon in indoor envi-
ronments complicate the selection of diverse samples.

In this work, we present the first solution to apply ac-
tive learning in indoor 3D object detection, utilizing both
uncertainty and diversity as selection criteria. For uncer-
tainty, we design a two-pronged epistemic uncertainty es-
timation strategy to address inaccurate detections and un-
detected objects, which first assesses uncertainty separately
for each case, then integrates them into a unified criterion.
Specifically, we introduce a localization-aware uncertainty
score that combines the IoU score — measured between the
original detected object and its perturbed version — with the
Shannon entropy. This helps mitigate the negative effects
of invalid proposals, such as background or partial detec-
tions, when estimating the classification uncertainty of de-
tected proposals. To quantify the epistemic uncertainty aris-
ing from undetectability, we develop a lightweight network
that estimates the number of undetected objects. For di-

versity, we frame the diverse sample selection problem as
an optimization task that jointly maximizes scene-type di-
versity and intra-class variances, leveraging a novel Class-
aware Adaptive Prototype (CAP) bank. This CAP bank is
designed to capture varying intra-class variances by gener-
ating an adaptive number of representative prototypes per
class. Observing that different scene types exhibit distinct
histograms of object categories as shown in Fig. 1, each
composed of various prototypes, we use the CAP bank to
model both class-level and scene-level diversity.

We evaluate the proposed method on SUN RGB-D [46]
and ScanNet [60] datasets. Using CAGroup3D [48] as base
detection model, our approach achieves 56.11%, 61.77%
mAP@(0.25 on SUN RGB-D and ScanNet, respectively,
reaching 87.24% and 85.02% of the fully-supervised per-
formance with only 10% of the annotation budget.

2. Related Work

Generic Active Learning. The majority of existing works
have explored active learning (AL) strategies on image clas-
sification task, which can be categorized into uncertainty-
based [5, 9, 16, 37, 50] and diversity-based [I, 7, 34,
38, 54, 60] methods based on the selection criteria used.
Uncertainty-based approaches select ambiguous samples
for annotation by maximizing uncertainty scores, which can
be computed in various ways, such as entropy [9, 17, 39],
minimum posterior probability [50], or multi-class mar-
gin [5, 16, 37]. Shannon entropy [39] is a commonly
used metric in classification that quantifies uncertainty in
the probability distribution, while multi-class margin [37]
measures the uncertainty through the difference between
the top two predicted probabilities. MC Dropout [9] em-
ploys Monte Carlo Dropout to approximate the posterior
predicted probability and use Shannon entropy to assess the
underlying uncertainty. Diversity-based methods [1, 38, 60]
select a compact subset of samples that best represent
the global data distribution. For example, Core-set [38]
formulates active learning as a core-set selection prob-
lem and solves it using the k-centroid algorithm. Recent
works [4, 22, 45] combine both uncertainty and diversity
through hybrid approaches. A representative approach,
BADGE [4], balances uncertainty and diversity by applying
the k-means++ [52] algorithm in the gradient space, which
considers both magnitude and direction of gradient vectors.
3D Object Detection. We focus on indoor 3D object detec-
tion [15, 63, 64, 66] and exclude outdoor methods [3, 42—
44], which differ significantly. Prior indoor 3D object de-
tection methods can be categorized into two lines in terms
of underlying representation, i.e., voxel-based methods [13,
28, 40], and point-based methods [36, 49, 55, 56, 67].
Voxel-based methods convert point cloud to voxel grids and
use 3D convolution networks to address the irregularity of
point cloud. In contrast, point-based methods extract point-
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Figure 2. Overview of our proposed AL framework for indoor
r-th round, we first construct a candidate pool of size § - B, using
detections and undetections. Then, we jointly optimize the intra-cl
along with the previous labeled point clouds Dfl, we retrain the

level features and use a voting mechanism [36, 56] to en-
courage points to vote towards their corresponding object
centers, followed by grouping the vote points into clusters
and then generating object proposals. In this work, we adopt
the state-of-the-art method in indoor 3D object detection,
CAGroup3D [48], which takes advantage of the two lines
of work through a two-stage fully sparse convolutional 3D
detection framework. It extracts voxel-wise features from
raw point clouds and leverages ‘voting and grouping’ mech-
anism to generate object proposals.

Active Learning for Object Detection. Despite extensive
studies on AL in image classification, applying it to image-
based object detection is challenging due to the task’s com-
plexity, which involves both localization and classification
of multiple objects. Several works [1, 18, 30, 53, 59,
61] have investigated active object detection by adapting
generic AL techniques to this task. For example, CDAL [1]
designs contextual diversity to capture spatial and seman-
tic context diversity within a dataset, while DivProto [53]
and PPAL [59] incorporate both diversity and uncertainty.
While these methods yield promising results in 2D ob-
ject detection, they cannot be directly applied to 3D ob-
ject detection due to the significant modality gap. Re-
cently, driven by the need to reduce annotation burden in
3D object detection for autonomous driving, a few stud-
ies [8, 12, 21, 24, 25, 27, 29, 32] have explored active
learning for 3D object detection in outdoor environments.
Notably, CRB [25] selects active samples with concise la-
bels, representative features, and balanced density progres-
sively. KECOR [24] leverages kernel coding rate [26] to
measure the richness of latent features. However, these
outdoor methods are suboptimal for indoor environments,
where 3D object detection faces unique challenges. To ad-

Detection Model

3D object detection, exploiting both uncertainty and diversity. In the
the Top- K unified uncertainty score, which accounts for both inaccurate
ass and scene-type diversity to select the r-th selected dataset D,.. Lastly,
model until the total labeled dataset reaches the annotation budget B.

dress these, this paper presents the first solution for apply-
ing active learning to indoor 3D object detection, overcom-
ing these challenges by incorporating designs to estimate
uncertainty in both inaccurate detections and undetections,
while simultaneously optimizing diversity with respect to
scene-type and intra-class variances.

3. Methodology

Given a point cloud P; = {(z,y,2)}, a 3D object detec-
tion model aims to predict the locations and class labels for
a set of objects B; = {(by,yx)}, where by € R7 rep-
resents the parameter of the k-th bounding box, including
the center position, box size and yaw angle, and y;, indi-
cates its predicted class label. In the active learning setting,
our objective is to train the 3D detection model by con-
structing a small labeled dataset Dy, which starts with a
small portion of random samples DY and is progressively
expanded over R rounds from a large pool D. In each ac-
tive learning round, r € {1, .., R}, B, samples are selected
from the unlabeled dataset Dy = D/D} ' by an active
learning policy, and labeled by an oracle, which constitute
the r-th selected dataset D,.. Then, Dy, will be updated as
D} <+ Dfl U D, until the size of Dy, reaches the final
budget B, i.e., |DY| + S | B, = B where B < |D|.

To tackle active 3D object detection in indoor scenarios,
we propose a novel framework, illustrated in Fig. 2, that
leverages both uncertainty and diversity as selection crite-
ria. Following previous work [21, 53, 59] that considers
both uncertainty and diversity, we adopt a budget expansion
ratio § € Z* to first select a candidate pool D¢ of size
K = ¢ - B, based on the uncertainty criterion for r-th ac-
tive learning round. Then, from this pool, the D, of size
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Dataset [ mAP@25 mAP@.50 | mAR@.25 mAR@.50
SUN RGB-D [46] 28.91 12.48 67.12 26.09
ScanNetV2 [6] 35.75 20.40 76.65 42.48

Table 1. Motivation for designing epistemic uncertainty esti-
mation. We report the mean average precision (mAP) and mean
average recall (mAR) at two IoU thresholds (0.25 and 0.50) for the
initial detection model, which is trained using 2% labeled data.

B,. is chosen based on the diversity criterion. For the uncer-
tainty criterion, we propose a two-pronged epistemic uncer-
tainty estimation strategy that generates a unified score, ac-
counting for uncertainty in both detected and undetected ob-
jects. This is achieved through a localization-aware uncer-
tainty score and an estimate of the undetected object count
(Sec. 3.1). For the diversity criterion, we frame the diverse
sample selection as an optimization problem and propose an
efficient solution that jointly optimizes intra-class variances
and scene-type diversity (Sec. 3.2).

3.1. Epistemic Uncertainty Estimation

In Tab. 1, we evaluate the detection performance of a 3D
object detection model trained on the initial random sam-
ples D% (2% labeled data). As shown, the model achieves
20.40% mAP@.50 and 42.48% mAR @.50 on ScanNet [6],
indicating that approximately 80% of the predictions are
inaccurate and 60% of ground-truth objects remain unde-
tected. The results are even worse on the more challeng-
ing SUN RGB-D [46] dataset. These findings highlight the
need to address the two types of epistemic uncertainty in
3D object detection: inaccurate detections and undetected
objects. Given that the detection task involves both local-
ization and classification, we estimate the epistemic uncer-
tainty of inaccurate detections by considering both aspects.
Specifically, we introduce a localization-aware uncertainty
score that exploits an IoU score for localization reliability
to combine with Shannon entropy. To handle undetections,
we design a lightweight network to estimate the number of
undetected objects, which serves as the uncertainty measure
for undetections. These two uncertainty scores are then in-
tegrated into a unified uncertainty score, which is used for
Top-K selection to generate the candidate pool D9,

Localization-aware Uncertainty Score. To estimate the
uncertainty of detected objects from a point cloud P;, we
first compute the classification uncertainty using the Shan-
non entropy [39] of the predicted class probabilities for all
detected object proposals. For the j-th proposal, with pre-
dicted class probabilities over C classes denoted as p; =
{pj.c}S_; € R, the Shannon entropy is calculated as:

C
E(pj) ==Y _pjclog(pj.e)- (1)
c=1

However, not all detected proposals are valid, as some may
correspond to background or partial objects. To mitigate

the impact of these invalid proposals, we incorporate an
IoU score that measures the similarity between the origi-
nal detection and its perturbed version, obtained by apply-
ing weak augmentations (e.g., random rotation and scaling)
to the input point cloud. The intuition is that if the model
is confident about an object, small perturbations should not
significantly affect its predicted position, while background
or partial proposals will likely produce inconsistent pre-
dictions. Consequently, the localization-aware uncertainty
score for detected objects in P; is defined as:

> 2 ToU; - E(py)
Ual(Py) = =g
> =1 IoU;

Our IoU scores serve as soft weights, adaptively reducing
the contribution of invalid objects in the epistemic uncer-
tainty estimation.
Undetected Number Prediction Network. When esti-
mating uncertainty for active object detection, previous
works [25, 53, 59] typically focus only on the uncertainty
within the detected objects. However, the uncertainty of
undetected objects is equally important, especially in the
context of active learning for indoor 3D object detection,
where model performance is often hindered by the scarcity
of training samples and severe class imbalance. As shown
by the mean average recall (mAR) scores in Tab. |, more
than half of the ground truth objects remain undetected in
both 3D indoor datasets. This observation highlights the
need to account for the uncertainty of undetected objects.
To address this, we design a lightweight network to esti-
mate the number of undetected objects.

As depicted in Fig. 2, we first extract the feature map
f; from the point cloud P; using the feature extractor. We
then apply global average pooling (GAP) on f; to obtain the
global feature g;. Simultaneously, we create a masked fea-
ture map by masking out the regions corresponding to the
detected bounding boxes produced by Rol refinement. This
masked feature map is passed through GAP to yield the un-
detected feature u;. We concatenate these two features, g;
and u;, and use the concatenation as input to our undetected
object number prediction network ©,4e, a lightweight net-
work consisting of three-layer MLPs. The output of the net-
work, i.e. Ounger([8:; u;]) represents the uncertainty score
for undetections, denoted as Uypge. This output is com-
pared with the true number of undetected objects, computed
based on the detected objects ‘B; and the ground-truth ob-
jects B, to compute the loss for training ©ypger:

2

Dl
Lunder = Y _ (Ounder([gi3 W) — N (B4, B7))%,  3)
i=1
where NV (-, -) is a function that computes the number of un-

detected objects, with details provided in the supplemen-
tary material. Additionally, to enhance the generalizability
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of the network ©y,4er, we employ random masking of the
predicted boxes during the training phase, encouraging the
network to better capture the undetectability in point clouds.
Unified Uncertainty Score. After obtaining the two uncer-
tainty scores, Uge and Uypger, We aim to combine them into
a unified uncertainty score. However, these two scores are
on different scales, making their direct product infeasible.
To address this issue, we introduce a normalization step, in-
spired by [33], using a hyperparameter k. Specifically, we
normalize each score as follows:

U, (P;) = max(0, U.(Pi) — n(U.)

Foy  T0R @

where x € {det, undet}, and p(-) and o(-) denote the mean
and standard deviation, respectively. Once the scores are
normalized, we compute their product to yield the unified
uncertainty score.

3.2. Prototype-based Diversity Optimization

As illustrated in Fig. 1, indoor environments exhibit signif-
icant intra-class variances and scene-type diversity, both of
which motivate our approach to the diversity criterion. In
3D indoor scenes, the intra-class variances can vary greatly
across object categories due to the differences in shape and
occlusion. For example, the variance in ‘chairs’ is typically
high due to the wide variety of shapes and designs, whereas
‘doors’ tend to have lower variance due to their more stan-
dardized geometry. This variability makes methods that
model each class with a fixed number of prototypes [57, 65]
insufficient to capture the intra-class distributions. To ad-
dress this, we propose a novel Class-aware Adaptive Pro-
totype (CAP) bank, which dynamically allocates a varying
number of prototypes for each class, inferred from the pre-
dicted object proposals. Additionally, we observe that in-
door scenes naturally form distinct clusters based on the dis-
tribution of object categories. For instance, bathrooms typ-
ically contain toilets and bathtubs, while bedrooms feature
beds and dressers. Through this observation, we represent
each scene as a histogram of the prototypes corresponding
to the predicted object categories within the scene. As both
intra-class variances and scene-type diversity can be mod-
eled using the CAP bank, we frame diverse sample selec-
tion as an optimization problem that jointly maximizes both
aspects, and propose an efficient solution.

Class-aware Adaptive Prototype Bank. The design of our
Class-aware Adaptive Prototype (CAP) bank is inspired by
infinite mixture prototypes (IMP) [2], which was originally
proposed for few-shot learning. IMP allows for inferring the
number of clusters from the data, rather than relying on a
pre-defined number of clusters. To build the CAP bank, we
first iterate over the initial labeled set Dz_l to initialize one
prototype per class. Specifically, we leverage the ground-
truth annotations to extract features for all objects belong-

ing to the c-th class in Dfl, and compute their average as
to form the initial prototype p, . for class c. Subsequently,
we iterate over the unlabeled dataset Dy; and update the pro-
totypes for each class, resulting in our CAP bank, denoted
asM = {{pk!c}ﬁﬁl}le, where p, . represents the k-th
prototype for class ¢, M, is the number of prototypes for
class ¢, which may vary between classes, and C' is the to-
tal number of classes. In each iteration (one batch), we use
the detection model from the previous round to generate ob-
ject proposals and extract their features and predicted class
labels. For each predicted object, we compute the cosine
similarity between its feature embedding o; and each of the
existing prototypes in its predicted class. This similarity
score is formulated as:

T
Oj : uk,c

= "% c-1,1. (5
loj[2]mk,cll2

Sim(0j7 Uk,c)

After calculating the similarity scores, each object is either
assigned to an existing prototype or used to form a new pro-
totype, according to the following assignment rule:

M, +1, if max Sim(0;, U ) < Tsims
Alo;) = :

arg max Sim(o;, ),  otherwise.
b :

(6)
Here, 74, is similarity threshold, which is set to 0.3 by de-
fault. Finally, the prototypes - whether assigned or newly
formed - are updated using the new object proposals in
each batch. However, since many predicted bounding boxes
might be invalid, especially in the early stages of training
(e.g., as shown in Tab. 1), we seek to mitigate the influ-
ence of these invalid proposals when updating the proto-
types. To this end, we incorporate the IoU score from Eq. 2
into the prototype update process, effectively weighing each
object’s contribution to the prototype updates as follows:

YR {A(0;), B} - ToU; - o;
B B Afoy), k) - Tou;

)

where the indicator function 1(m, n) equals to 1 if m = n,
and O otherwise. The complete CAP bank creation proce-
dure is outlined in Algo. | of the supplementary material.

Prototype-based Diversity Optimization. With the gen-
erated CAP bank, we can characterize each class through
a set of prototypes, and further represent objects as his-
tograms of these prototypes. These histograms allow us to
capture the intra-class variance for each class, as objects
within the same class are reflected in the variation of their
corresponding histograms. Furthermore, based on the ob-
servation that each scene can be characterized by the distri-
bution of object categories, which distinguishes one scene
type from another, we also model scenes as histograms of
prototypes. Therefore, this histogram-based representation
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implicitly captures the scene type. Since both intra-class
variance and scene-type diversity are encoded in the proto-
type histograms, we design a novel and efficient optimiza-
tion method to quantify the diversity criterion by consider-
ing both these two aspects. Specifically, we formulate the
optimization for diverse sample selection as follows:

max — E(h(D;)) + B|[b(Dy)|]1,
D, CDen
st B(D)= > h(P)= >, > hlo),
Pi:€D, Pi€D,0; EP;
C M.
h(o;) = > ) [one hot(A(0;))]"*,

®)
where h(o;) represents the assignment histogram of j-th
object w.r.t. the CAP bank M, while h(P;) and h(D,.) rep-
resent the histograms of all objects in the individual point
cloud P; and the selected labeled samples D, at the r-th
round, respectively. The two terms in this objective func-
tion are designed to select samples that are both diverse
and holistic across all prototypes in the CAP bank. The first
term captures the intra-class variance for all classes, ensur-
ing that the selected samples represent the diversity within
each class as well as across different classes. The second
term promotes scene-level diversity by encouraging cover-
age across different object categories, which implicitly in-
creases the diversity in scene types. Given that the first term
(entropy) and the second term (/1 -norm) have different mag-
nitudes, we introduce a hyperparameter 3 to rescale the sec-
ond term. In our experiments, we set 5 = 0.01.

However, directly solving the optimization in Eq. 8 is
computationally expensive due to the combinatorial search
over |D¢| samples. To efficiently narrow the search space
while maintaining solution quality, we leverage one key
property of the objective function over S disjoint partitions
{D, s}, of D, ie., UD, s = D,

E(h(D,)) + B0(Dr)l[y

]Vtolal ]Vtolal

©))
where h(D, ;) represents the histograms of all objects in
s-th partition D, ;, Ng and Nyu are the number of objects
in the s-th partition D,. ; and selected labeled samples D,.,
Ninter 18 the number of objects that share the same proto-
types but belong to different partitions, and O(+) is the Big
O notation from mathematics. To align with the S disjoint
partitions of D,., we use k-means++ [52] to group the candi-
date pool D¢ into S clusters, denoted as {D19}5_, each
of which is approximately disjoint with each other w.rt.
Nt"‘“ — 0, and

=3 (o B(D,) + BlI(Dr ) + O,

prototype assignments. This guarantees that
then allows us to decompose the original optimization prob-
lem into S sub-problems within each cluster Dﬁf‘gd.

N, total

E(h(D
2,y EW(Dra) +6 5

st. h(Do) = Y h(7>

PiEDr,s

Hh( TS)Hh

> > h(oy),

Pi€Dyr,s0;EP;

c

C
- Z Z[Onefhot(/l(oj))]c,k_

c=1k=1
(10)
We use greedy search to solve the S sub-problems to obtain
the diverse samples D, ; for each cluster, and combine them
together as the selected dataset D, in the r-th active learning
round. We provide the detailed derivation of Eq. 9 in the
supplementary material.

4. Experiments

4.1. Experimental Setups

3D Detection Datasets. We evaluate our proposed method
on two 3D indoor object detection benchmarks: SUN RGB-
D [46] and ScanNet [6]. SUN RGB-D is an indoor dataset
for 3D object detection, which contains 10,335 RGB-D im-
ages with 3D room layouts from four different sensors. Of-
ficially, they are split into 5,285 training samples and 5,050
testing samples. Following the standard evaluation proto-
col [19, 35, 36], we evaluate the performance on 10 most
common categories. ScanNetV2 is a large 3D dataset with
1,513 RGB-D scans of 707 indoor scenes. These scans
are split into 1,201 samples for training and 312 samples
for testing, each of which is annotated with dense seman-
tic segmentation masks. We follow [36] to derive the axis-
aligned bounding boxes without considering the orientation,
and adopt 18 object categories for evaluation.
Implementation Details. We use the state-of-the-art CA-
Group3D [48] as the detection model, and implement our
code base using OpenPCDet [47] toolkit. Following the
training strategies in [48], we set the voxel size as 0.02m.
For both datasets, the network is trained by AdamW opti-
mizer [23] with an initial learning rate and weight decay rate
of 0.001 and 0.0001 respectively. The gradnorm clip [62] is
applied to stabilize the training process. For each active
learning round, SUN RGB-D takes 48 epochs to train on
the updated labeled dataset, and the learning rate decays on
[32, 44] epochs with decay rate of 0.1. ScanNet requires
120 epochs for training and decays the learning rate on [80,
110] epochs by the same decay rate. All experiments are
conducted using one 3090Ti NVIDIA GPU. We set the sim-
ilarity threshold 74, to 0.3, balance ratio 8 to 0.01, and bud-
get expanding ratio J to 6 empirically.

Evaluation. Following the evaluation protocol in [31, 36,
48], we report mean average precision (mAP) with different
IoU thresholds, i.e., 0.25 and 0.50. Additionally, to investi-
gate the effectiveness of different active learning strategies,
we record the mAP with 2%, 4%, 6%, 8%, 10% of the train-
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SUN RGB-D

ScanNetV2

Methods Presenedat =\ b@025 (%)  mAP@0.50 (%)  mAP@025 (%)  mAP@0.50 (%)
2 RAND - 0271 25.14 55.00 39.74
2 Mc-DroPOUT[9]  ICML'17 47.48 28.36 45.71 28.72
S CORESET [38] ICLR’ 18 46.99 28.12 55.34 40.08
8 BADGE [4] ICLR’20 49.12 30.54 57.10 41.97
A  CpaL[l] ECCV’20 50.86 30.75 57.99 4233
Q@  DIVPROTO [53] CVPR’22 5231 32.54 59.01 43.10
8 PraL[59] CVPR'24 52.55 33.51 59.44 43.15
~  CRB[25] ICLR'23 50.89 31.30 58.73 271
S KECOR [24] 1CCV°23 51.07 31.41 58.54 42.56
2  Ours ; 56.11 35.42 61.77 45.93

ORACLE! - 6431 47.43 72.65 58.81

Table 2. mAP@0.25 (%) and mAP@0.50 (%) scores of the proposed method and AL baselines on the SUN RGB-D and ScanNetV2
benchmarks with 10% queried point clouds. CAGroup3D is used as the detection model for all approaches. 1: indicates the detection
results using fully-annotated data, and serves as the upper bound for all active learning strategies.
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Figure 3. mAP@0.25 (%) score of the proposed method and AL
baselines on SUN RGB-D and ScanNetV2 benchmarks.

ing set for both datasets, where the first 2% samples are se-
lected randomly. In each active learning round, 2% of the
training point clouds are acquired from the rest unlabeled
dataset via active learning strategies for annotation.
Baselines. We evaluate nine AL baselines: random
sampling (RAND), three 2D generic AL strategies (McC-
DROPOUT, CORESET, BADGE) representing uncertainty-
based, diversity-based, and hybrid methods, three 2D AL
detection strategies (CDAL, DIVPROTO, PPAL) adapted to
3D detection tasks by us, and two state-of-the-art 3D out-
door AL detection strategies (CRB and KECOR).

4.2. Experimental Results

SUN RGB-D. In Fig. 3, we compare our proposed method
with different baselines through an increasing percentage
of selected point clouds [25, 59]. As demonstrated by the
results, our proposed strategy consistently outperforms all
competing baselines by significant margins for different
percentages of selected point clouds. Notably, with only

10% annotated data, our approach achieves over 85% of
the fully-annotated performance (red dashed line in Fig. 3).
Specifically, as detailed in Tab. 2, it surpasses the state-
of-the-art 2D active learning strategy, PPAL, by 3.56% in
mAP@0.25 and 1.91% in mAP@0.50, with a 10% anno-
tation budget. To elaborate further, it is observed that AL
methods for 2D object detection generally outperform those
for 3D outdoor counterpart. We hypothesize that current
3D outdoor approaches overlook the intra-class variances
across different categories, leading to redundancy in select-
ing active samples. This redundancy may hinder the capa-
bility of the learned detection model.

ScanNetV2. To study the effectiveness of our proposed
approach on point clouds with complicated room layouts,
we conduct experiments using the ScanNetV2 dataset, a
more comprehensive benchmark for indoor environments.
The results, illustrated in Fig. 3 and Tab. 2, demonstrate
the performance comparison across varying annotation bud-
gets. Our method surpasses all existing AL approaches by
a huge margin, achieving approximately 85% of the fully-
annotated performance with 10% annotation budget. In
Fig. 4, we present a qualitative comparison with random
sampling. Random sampling captures only partial object
characteristics (e.g., ‘bookshelf’) due to limited training
data. In contrast, our approach successfully detects most of
the target objects in challenging scenarios by effectively se-
lecting informative unlabeled samples based on uncertainty
and diversity criteria. Additional qualitative results can be
found in the supplementary materials.

4.3. Ablation Study

We ablate some critical designs for an in-depth exploration.
Design Choices. We start by exploring the effectiveness
of different designs in our proposed method, as shown in
Tab. 3. When equipped with the IoU score in Eq. 2 and the
uncertainty score for undetections U g, the mAP@0.25
increases by 1.1% and 0.7% on SUN RGB-D respectively,
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Figure 4. Qualitative comparison between random sampling and our proposed active learning method on ScanNetV?2 val set.

Uncertaint; Diversit, [ SUN RGE-D | ScanNetV2 M SUN RGB-D ScanNetV2
' ' [mAP@25 mAP@.S0 [ mAP@25 mAP@.50 easures mAP@25 mAP@.50 | mAP@.25 mAP@.50

x ] X [ 427 251 [ 551 397 Prob. Margin [37] 55.8 35.0 61.5 455
X 4 54.5 339 58.7 42.9 MC-Dropout [9] 56.0 35.2 61.6 45.6

w/ loU score v 55.6 34.7 60.8 43.8 Entropy [39] 56.1 354 61.8 45.9

W U g 7 552 343 60.1 433

v/ X 543 335 584 038 Table 4. Ablation studies of different uncertainty measures in our
4 w/ K-means 55.3 34.1 60.4 435 proposed method on SUN RGB-D and ScanNetV?2 datasets.
7 w/ Greedy-O | 545 333 587 430
4 4 561 354 618 459 significantly degrade model performance in the early stages,

Table 3. Ablation studies of different designs in our proposed
method on SUN RGB-D and ScanNetV2 datasets.
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Figure 5. Effects of hyper-parameters in our proposed method on

SUN RGB-D dataset.

validating its effectiveness as an uncertainty-based strategy.
Additionally, we ablate the diversity branch through two al-
ternatives: (1) Use K-means [52] to select a fixed number
of prototypes to replace CAP Bank, denoted as ‘K-means’.
(2) Apply greedy search to the original optimization prob-
lem as defined in Eq. 8, denoted as ‘Greedy-O’. It demon-
strates that the mAP@0.50 of ‘K-means’ decreases by 2.4%
for ScanNetV2 dataset, which suggests that a fixed proto-
type number leads to a sub-optimal outcome. Furthermore,
‘Greedy-O’ solution only achieves minor performance im-
provements. A possible reason is that we restrict the search-
ing space of the original optimization problem (Eq. 8) to
several regularized sub-spaces (Eq. 10), eliminating a vast
number of sub-optimal solutions.

Hyper-parameters. In Fig. 5, we report the ablation study
of two hyper-parameters in our proposed method, which are
the scale k in Eq. 4 and the budget expanding ratio § for de-
termining the candidate pool [59]. Overall, the proposed
method is relatively insensitive to the choices of hyper-
parameters. As depicted in Fig. 5 (a), the best performance
is reached with a moderate scale value of £ = 3, which ef-
fectively suppresses extreme values while preserving essen-
tial information from different sources of uncertainty. Ad-
ditionally, we observe that excessively large values of § will

which is shown in Fig. 5 (b). We hypothesize that for big
0, the candidate pool contains many samples the model is
already confident about, thereby harming the quality of the
final selected samples. Conversely, when ¢ is very small,
the selection process is dominated by uncertainty, which re-
stricts the impact of diversity branch. We find that setting
0 = 6 achieves a better tradeoff between uncertainty- and
diversity-based selection, optimizing overall performance.
Uncertainty Measures. We replace the Shannon entropy
in Eq. 2 with two alternative uncertainty measures: MC-
Dropout [9] and probability margin [37], and compare their
performance in Tab. 4. The results show that all three mea-
sures yield similar performance, with entropy performing
slightly better. Therefore, we select entropy as our uncer-
tainty measure, as it is both more efficient and effective.

5. Conclusion

This paper presents a novel active learning approach for
3D indoor object detection, improving annotation efficiency
by combining uncertainty estimation with diversity-driven
sampling. Specifically, our approach estimates epistemic
uncertainty, accounting for both inaccurate detections and
undetected objects, and selects diverse samples through an
optimization method based on a Class-aware Adaptive Pro-
totype bank. Our method significantly outperforms state-
of-the-art baselines, achieving over 85% of fully-supervised
performance with just 10% of the annotation budget.
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