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ILD: Image-Level Labels Driven Active
Learning Object Detection

Rui Tian", Jiaxuan Zhang", Yongqiang Zhang", Man Zhang", Zian Zhang", Yin Zhang", Yongqiang Li,
and Wangmeng Zuo

Abstract—Existing SOTA methods in active learning object
detection(ALOD) achieve impressive results, but they overlook
two problems: 1) the requirement for instance-level labels dur-
ing initialization, and 2) the constrained localization ability of
the pre-trained fully supervised detector in the active learn-
ing phase. Problem 1) contradicts the fundamental purpose
of active learning in balancing annotation costs and detection
performance. Problem 2) arises from the fact that the active
learning process relies on a single pre-trained fully supervised
detector. To tackle these problems, we propose Image-level
Labels Driven active learning object detection (termed as ILD).
Specifically, we propose a multi-step reasoning process based on
the chain-of-thought only using image-level labels, including a
class-number-aware step and an iterative step, to enhance the
detection ability of VLM. The detection results of the VLM
and weakly supervised detector are used as pseudo ground-
truth boxes to initialize a fully supervised detector during AL
initialization. Thus, the initialization process of ILD eliminates
the requirement for instance-level labels. In the active learning
stage, we design two novel uncertainty and diversity acquisi-
tion functions to select the most informative images based on
collaborative outputs from both the weakly supervised detector
and the pre-trained fully supervised detector. The collaborative
mechanism jointly measures the uncertainty of two detectors and
the diversity of object features, thereby enhancing the localization
quality. Extensive experiments demonstrate that the proposed
ILD achieves state-of-the-art performance(i.e., 77.5%, 25.7%,
and 27.9%) on PASCAL VOC2007, MS COCO2014 and MS
COCO2017 datasets, surpassing the SOTA methods by 3.4%,
1.2% and 4.7%, respectively. Our code is publicly available on
https://github.com/RuiTianHIT/ILD

Index Terms—Active learning object detection, weakly super-
vised object detection, acquisition function, large-scale vision-
language pre-trained model.
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I. INTRODUCTION

CTIVE learning object detection(ALOD) [1], [2], [3],

[4], [5], [6], [7], 8], [9], [10], [11], aiming at bal-
ancing between annotation costs(i.e., instance-level labels)
and detection performance, samples the most informative
images that cover the data probability distribution of the
entire dataset and maximally improve detection performance.
Existing SOTA methods in ALOD initialize a fully super-
vised detector using randomly selected instance-level labels
during the active learning (AL) initialization. Subsequently,
the initialized detector mines the most informative images
for human annotation, thereby facilitating the refinement of
the detector. However, the performance of ALOD critically
depends on the model initialization, and ALOD only uses
an initialized detector to mine the most informative images.
The result is that ALOD still requires instance-level labels
during AL initialization and has limited localization ability
of the initialized fully supervised detector during the AL
process.

First, our objective is to explore an AL initialization method
that can pre-train the fully supervised detector using only
image-level labels, thereby reducing annotation costs. Inspired
by large-scale vision-language pre-trained models(VLMs),
such as Qwen2.5-VL [14], MiniGPT-v2 [12] and OWL-ViT
[15], these models can localize the desired object by category-
related prompts. A straightforward solution to eliminate the
requirement for instance-level annotations during AL initial-
ization is to generate pseudo-labels via VLMs conditioned
on image-level labels. Previous studies [15], [16], [17], [18]
have leveraged linguistic priors(e.g., scene-context prompts,
category-specific descriptors) encoded in VLMs to generate
pseudo-labels for task-specialized detectors. These methods
facilitate knowledge distillation from VLMs to downstream
detectors, enhancing their zero-shot generalization capability
while eliminating the need for manual annotations. How-
ever, these methods rely on introducing learnable prompt
embeddings [17], [18], instruction tuning [16], or scaling self-
training [15] to unlock VLM capabilities for downstream tasks,
inevitably introducing new trainable parameters. In addition,
ALOWD [5] decreases the annotation requirement by design-
ing an auxiliary image generator during AL initialization.
However, the auxiliary image generator still requires instance-
level labels, although fewer than 5% images are annotated
by instance-level labels. In contrast, we propose a training-
free multi-step reasoning process based on chain-of-thought.
By utilizing only image-level labels, the multi-step reasoning
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MiniGPT-v2
(46.38 mAP)

OD-WSCL
(45.14 mAP)

Fig. 1. The visualization results and performance in mAP of MiniGPT-v2
[12] and weakly supervised object detector OD-WSCL [13] on PASCAL VOC
2007 dataset. Note that we follow the conversation prompt template designs
of MiniGPT-v2 [12] for object detection.
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Fig. 2. The results on VOC 2007 test set of the initialized RetinaNet [20] and
the first three rounds of the AL process by PPAL and ILD, where objects(chair,
pottedplant, boat) with poor localization quality as examples are quantitatively
shown in (b).

process activates the potential detection capabilities inherent in
VLM for generating high-quality pseudo ground-truth boxes.

Given only image-level labels, we also naturally think of
weakly supervised object detectors trained by image-level
labels to locate objects. As shown in Figure 1, we found that
the VLM detection results are achieved with high precision,
while the weakly supervised detector predicts bounding boxes
with high recall. Based on these foundations, we can inte-
grate the object regions of the VLM and weakly supervised
detector, and regard these regions as pseudo ground-truth
boxes to initialize the fully supervised detector during AL
initialization. As shown in Figure 2(a), our initialization with
only 5% image-level labels achieves comparable results with
the existing SOTA method PPAL [1] which requires 5%
instance-level labels during AL initialization. With only a 6%
image-level label ratio, our initialization surpasses PPAL based
on 5% instance-level labels, eliminating the requirement of
instance-level labels during AL initialization.
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Second, these existing ALOD methods [1], [4], [S], [7],
[8], [19] rely on designed acquisition functions and a sin-
gle detector to mine the most informative images, but the
localization capability of the initialized detector remains
underdeveloped. As illustrated in Figure 2(b), representative
examples of objects with poor localization quality (e.g., chair,
potted plant, boat) are quantitatively shown during the AL
process. A detailed qualitative and quantitative comparison of
the localization quality is presented in the Experiment Section.
PPAL using a single fully supervised detector exhibits subop-
timal localization capability due to insufficient pre-training,
resulting in poor localization performance(e.g., 29.1% AP for
boat in the first round of the AL process) during the AL
process. Thus, we propose a collaborative mechanism where
uncertainty and diversity acquisition functions integrate results
from both weakly supervised detector and pre-trained fully
supervised detectors. As shown in Figure 2(b), we use the
same random initialization method in AL initialization, then
conduct AL process for PPAL and our proposed ILD. The
localization performance during the AL process is improved
by the proposed uncertainty and diversity acquisition functions
based on the collaborative mechanism(e.g., from 29.1% AP to
37.5% AP for boat). The uncertainty and diversity acquisition
functions not only quantify the uncertainty of two detectors
and the diversity of object features but also enhance the
localization quality during the AL process.

Specifically, we design an Image-level Labels Driven active
learning object detection method (termed as ILD) to decrease
annotation costs during AL initialization and improve the
localization ability of pre-trained detector during AL process.
There are two issues in ILD. (1) How to initialize a fully
supervised detector without instance-level labels during AL
initialization? (2) How to design the acquisition function
to ensure the localization quality in the active learning
phase?

In the active learning initialization issue, we first propose a
training-free multi-step reasoning process based on chain-of-
thought to unlock the potential detection capabilities inherent
to VLM. Inspired by the object detection process in human
common sense [21] that they roughly count the number of
desired objects before accurately localizing object regions
and iteratively observe objects in images to prevent missing
objects, a class-number-aware step and an iterative step in
the multi-step reasoning process are well-designed to improve
the detection performance of VLM(e.g., MiniGPT-v2 [12]).
Specifically, taking MiniGPT-v2 [12] as an example, we first
ask the object number for each category, such as [vga] How
many people are in the image?' Then, we continue to query
the spatial location of given objects with a class-number-aware
step, such as [detection] three persons.2 Moreover, we itera-
tively query the desired objects (i.e., iterative step) to prevent
missed objects and mine all object regions. Besides, as shown
in Figure 1, we show the results of the weakly supervised
detector(i.e., OD-WSCL [13]), and it achieves the compar-
ative performance(i.e., 45.14% in mAP) with MiniGPT-v2

![vqa] is a visual question-answering task identifier of MiniGPT-v2.
2[detection] is an object detection task identifier of MiniGPT-v2.
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(i.e., 46.38% in mAP). Based on these experimental results, we
conclude that VLM(e.g., MiniGPT-v2 [12]) detects the tight
bounding box with high precision but missing objects with
low recall, and WSOD(e.g., OD-WSCL [13]) achieves a high
recall rate but highlighting discriminative object parts with low
precision. Therefore, we choose VLM combined with WSOD
to initialize a fully supervised detector in AL initialization.

In terms of designing the acquisition function during the AL
process, we quantitatively reveal a limitation of the constrained
localization capability of the pre-trained single detector during
AL process as shown in Figure 2(b). To this end, we design
uncertainty and diversity acquisition functions based on a col-
laborative mechanism to enhance the localization ability. In the
collaborative mechanism, uncertainty and diversity acquisition
functions integrate results from both the weakly supervised
detector and the pre-trained fully supervised detector. For
uncertainty, we utilize entropy to measure the classification
confidence and localization difficulty of weakly supervised
detector(e.g., OD-WSCL [13]) and fully supervised detec-
tor(e.g., RetinaNet [20]). Given a budget b, we select b images
with the greatest uncertainty as the candidate set from the
unlabeled set. For diversity, we record the maximum similarity
for each object with same category and sum up the recorded
similarities for all categories as the similarity between images.
Besides, the similarity between images is used as the initial
condition in the clustering process, and we select each cluster
centroid as the informative image from the candidate set.
Finally, these informative images annotated by humans with
instance-level labels are utilized to further refine the fully
supervised detector. In summary, we make the following
contributions:

e We propose an ILD framework to eliminate the require-
ment of instance-level labels during the AL initialization
while ensuring localization quality throughout the AL
process.

e During AL initialization, a train-free multi-step reasoning
process is proposed to deeply mine the detection ability
of the VLM. The detection results of the enhanced
VLM and weakly supervised detector are used as the
pseudo ground-truth boxes to initialize a fully supervised
detector, significantly reducing reliance on instance-level
labels. During the active learning phase, uncertainty and
diversity acquisition functions are proposed to leverage
collaborative outputs from both the weakly supervised
detector and the pre-trained fully supervised detector to
select the most informative images, further enhancing
localization quality.

e Extensive experiments demonstrate the effectiveness of
our proposed ILD, and we achieve 77.5% mAP, 25.7%
AP and 27.9% AP on VOC 2007 test set, COCO2014
val set and COCO 2017 val set, surpassing the SOTA
methods by 3.4%, 1.2% and 4.7%, respectively.

II. RELATED WORK

A. Active Learning for Object Detection

Active learning object detection [1], [2], [4], [6], [7], [22]
aim to balance annotation costs and detection performance by
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selecting the most informative images, mainly considering the
uncertainty and diversity of images. For example, Yang et al.
[1] propose an uncertainty- and diversity-based sampling
strategy to select images with difficult objects as informative
images. Choi et al. [2] rely on mixture density networks to
estimate the uncertainty for further annotating informative
images. The performance of active learning depends on initial-
ization, e.g., Choi et al. [2] pre-train a fully supervised detector
using 2,000 images with instance-level labels, which still
requires a large annotation effort. Meanwhile, a few methods
[4], [5], [23] mix a weakly supervised detector, instance-
level or image-level labels in active learning. For example,
Yuting et al. [5] propose a new auxiliary image generator
strategy that utilizes an extremely small labeled set coupled
with a large number of image-level labels to initialize a fully
supervised detector. However, the auxiliary image generator
still requires instance-level labels, although fewer than 5%
images are annotated by instance-level labels. Vo et al. [4]
design a successive strategy to extract the most informative
images instead of acquisition functions, lacking quantification
of detector uncertainty and sampled data diversity. Sartor et al.
[23] using image-level labels and isolation forest design a
bayesian active learning framework to directly output anomaly
probability for anomaly detection. The performance of this
framework is limited by the representation ability of the
isolation forest.

The above ALOD research often focuses on AL initial-
ization through randomly selected images and AL process
via well-designed acquisition functions to identify the most
informative images. When the initial annotated set exhibits
distributional bias(e.g., limited scene or few objects for spe-
cial class), this bias propagates through subsequent active
learning rounds, resulting in suboptimal sample selections
with low diversity denoted as multi-peak distribution collapse
[24]. From an annotation cost perspective, image-level labels
are significantly easier to acquire, possibly even obtainable
from the web. Under comparable annotation costs, we can
obtain more labeled images with image-level labels than
instance-level labels. Compared with previous works, our ILD
strictly follows the weakly supervised paradigm using only
image-level labels during AL initialization. Then, a collabo-
rative mechanism where uncertainty and diversity acquisition
functions integrate results from both weakly supervised and
pre-trained fully supervised detector enhances localization
ability during the AL process. To the best of our knowledge,
our method is the first to initialize the fully supervised detector
using only image-level labels and to integrate VLM with CoT
and WSOD into ALOD.

B. Large-Scale Vision-Language Models

With the success of large-scale language models such
as BERT [25] and GPT-3 [26], the initial explorations of
the vision-language model [12], [27], [28] are started. For
example, MiniGPT-v2 [12] relies on LLaMA-2 [29] lan-
guage tokens to perform various vision-language tasks using
proper instructional tuning. GPT4V [28] illustrates the ability
to understand pixel space and perform advanced multi-
modal tasks for customizing arbitrary vision-language cases.
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Recently, with the advancement of VLMs, several works [15],
[16], [17], [30] focus on using the robust prior knowledge and
generalization ability of VLM to generate pseudo labels for
task-specialized detectors. For example, Du et al. [16] propose
the language model instruction strategy to transfer prior knowl-
edge from VLMs to detectors using the relationships between
visual concepts. Chen et al. [17] design a visually-enriched
and spatially-localized captioning framework by introducing
trainable prompt embeddings to effectively generate region-
text labels. Matthias et al. [15] utilize OWL-ViT CLIP-L/14
[31] to scale up the detection data with self-training and
generate pseudo ground-truth boxes in the image-text pairs for
existing detectors. Liang et al. [30] design an automatic data
engine based on VLM to query and label pseudo ground-truth
boxes for open-vocabulary object detection.

To further improve the inference ability of VLM, Chain-
of-Thought(CoT) allows models to decompose multi-step
problems into intermediate steps [32], [33], [34], [35], [36],
[37], [38], [39]. For example, Mondal et al. [39] propose a
KAM-CoT framework that integrates CoT reasoning, knowl-
edge graphs, and multiple modalities to generate contextual
understanding and provide more informed answers for multi-
modal tasks. Kim et al. [38] design a multi-spectral CoT
prompting strategy that combines the RGB image to produce
final detection scores that are compatible with multi-spectral
pedestrian detectors.

Compared with previous work [15], [16], [17], they utilize
learnable prompt embeddings [17], instruction tuning [16], or
scaling self-training [15] to unlock the capabilities of VLM
and facilitate knowledge distillation from VLMs to down-
stream detectors, which inevitably introduces new trainable
parameters. Moreover, the work [30] directly uses VLM to
predict results as pseudo labels on the novel data, neglecting
the potential detection ability of VLM. We propose a training-
free multi-step reasoning process driven by image-level labels
to activate the detection ability inherent to VLM. Then, we
leverage the enhanced VLM to generate pseudo ground-truth
boxes during AL initialization, eliminating the requirement for
instance-level annotations.

C. Weakly Supervised Object Detection

Recent advances in weakly supervised object detection
(WSOD) have been made by obtaining high-quality region
proposals [40], [41], [42], [43], [44], [45], [46], [47], [48].
These methods aim to generate fewer region proposals with
higher recall to reduce the difficulty of finding the correct
proposals and to enhance the localization ability without
instance-level labels. For example, Zhu et al. [46] propose an
automated prompting pipeline that leverages classification cues
to guide SAM in generating regional proposals. Yasuki and
Taki [42] explore the capabilities of large kernel CNNs with
large effective receptive fields to localize the object regions as
region proposals for WSOD.

Existing SOTA weakly supervised detectors prevent missed
objects without instance-level label supervision based on
region proposals. Utilizing thousands of region proposals or
high-quality region proposals in each image, WSOD covers
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Fig. 3. The framework of our proposed ILD for active learning object
detection, where VLM with multi-step reasoning is detailed in Figure 4.
During active learning initialization, an off-the-shelf WSOD and a VLM with
multi-step reasoning predict the detection results, and the detection results are
used to initialize a fully supervised detector. In the active learning process,
uncertainty and diversity acquisition functions leverage collaborative outputs
from both the weakly supervised detector and the pre-trained fully supervised
detector to select the most informative images. Then, the selected images
annotated by humans are utilized to further refine the pre-trained detector.

Human annotation

most object instances despite highlighting the most discrimi-
native regions. Meanwhile, image-level labels are significantly
easier to acquire, even obtainable from the web. We maximize
the use of efficient annotation in WSOD and make up for
the problem of missing objects in VLM. VLM detects the
tight bounding box with high precision but missing objects
with low recall, and WSOD achieves a high recall rate but
highlighting discriminative object parts with low precision.
Therefore, we combine VLM and WSOD to initialize a fully
supervised detector using only image-level labels during AL
initialization. In addition, the weakly supervised detector and
the pre-trained fully supervised detector are utilized to improve
the localization quality during the AL process.

III. PROPOSED METHOD

In this section, we first define the preliminaries and
problem statements of our proposed ILD framework. Then,
AL initialization with multi-step reasoning is described in
section III-B, and well-designed uncertainty and diversity
acquisition functions using the results of the weakly supervised
detector and initialized detector during AL are described in
Section III-C. The pipeline of our proposed method is shown
in Figure 3.

A. Preliminaries and Problem Statement

Following the paradigm of ALOD, WSOD and VLM, there
is a training set X7 = {x;};cy, with size N; and a validation
set Xy = {x;}., with size N,. The weakly supervised
detector M"(e.g., OD-WSCL [13]) is learned from image-level
labels y = [y1,¥,...,y.] € RE%!, where C denotes the number
of image classes. The large-scale vision-language pre-trained
model M"!(e. g., MiniGPT-v2 [12]) localizes the desired objects
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by category-related prompt templates and task identifiers. The
fully supervised detector(e.g., RetinaNet [20]) M/ is initialized
from the detection results of M" and M"' and further refined by
selecting the most informative images annotated with instance-
level labels from X7 based on active learning (AL). We first
define the set with image-level labels as Xj;,. Then, we define
the set without instance-level labels as X7, and the set with
instance-level labels as X7, where X;, UX; = X7 and r denotes
the active learning round. In round r > 0 with the active
learning process, we gradually select the most informative
image set Xj, to annotate instance-level labels. Then, we get
the unlabeled instance-level set X, = X7, —X{, and the labeled
instance-level set Xfrl = X] + X{,, and the fully supervised
detector is refined by Xfrl during r round of AL process.

B. AL initialization with Multi-step Reasoning

Considering that the performance of active learning depends
on initialization, we regard the detection results of weakly
supervised detector(e.g., OD-WSCL) and large-scale vision-
language pre-trained model(e.g., MiniGPT-v2) as pseudo
ground-truth boxes to initialize a fully supervised detector(e.g.,
RetinaNet). For the weakly supervised detector, it relies on
region proposal generation methods(e.g., Selective Search [43]
and Multiscale Combinatorial Grouping [44]) to predict object
regions y,, = MY(R,I) with a high recall rate, where M"
denotes weakly supervised detector, R and I denote region
proposals and input images. For VLM, taking miniGPT-v2 as
an example, it adopts unique identifiers(e.g., [detection]) and
category-related prompts to infer object regions y = M"'(1,T),
where M" denotes the VLM model, and T denotes category-
related prompts. However, as shown in Figure 1, MiniGPT-v2
directly localizes the desired objects using category-related
prompts, resulting in missed objects.

To further improve the detection ability of VLM and the
performance of AL initialization, we propose a multi-step
reasoning process based on the chain-of-thought(CoT), which
includes a class-number-aware step and an iterative step, as
shown in Figure 4. In the class-number-aware step, imitating
the object detection process in human common sense [21], we
first utilize the task identifier [vga] to ask MiniGPT-v2 about
the number of each class in the image based on image-level
labels (e.g., [vqa] How many people are in the image?), which
can be formulated as:

n=M"1T), )

where T denotes the prompt with the task identifier [vga] for
reasoning class number, n denotes the answer from MiniGPT-
v2 about the class number. Based on the number of each class,
MiniGPT-v2 is further used to localize objects by combining
with the task identifier [detection], category-related prompt
and class number (e.g., [detection] three (3) people), which
can be expressed by eq. (2):

$=M"I,Trn), )

where $ denotes the predictions of MiniGPT-v2, T, is the
prompt with task identifier [detection] for localization.
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Fig. 4. The multi-step reasoning process based on chain-of-thought, including
a class-number-aware step and an iterative step. We imitate the process of
object detection by the human in common sense [21]. Taking MiniGPT-v2 as
an example, we first ask MiniGPT-v2 about the number of different classes
in the image using the task identifier [vqa]. Then, MiniGPT-v2 further detects
the desired object by combining the task identifier [detection]. Finally, we
iteratively ask the class number and object location to prevent missed objects.
The prompt template, image-level label, class number and task identifier are
labeled by black, red, blue and green fonts respectively.

Then, we iteratively ask the class number and detect object
locations (called iterative step) to prevent missing objects,
which is essentially a recursive process formulated as:

I =M"U,To,ny), m=1,2,....M 3)

where M is the maximum iteration steps, n, denotes the
answer of MiniGPT-v2 about class number in the m-th step.
m indicates the m-th predictions of MiniGPT-v2. We set M
to 2 as the stopping criterion detailed in the hyperparameter
ablation studies IV-E.

Thanks to the multi-step reasoning process, the detection
ability of VLM is improved by a large margin. Benefit from the
high recall rate of the weakly supervised detector and the high
precision rate of VLM, we construct a simple and effective
box fusion strategy to mine the pseudo ground-truth boxes
for active learning initialization. Specifically, we select all
detection results of VLM and the detection results of weakly
supervised detector whose confidence score over a threshold
value @ and IoU less than a threshold S with the detection
results of VLM as the pseudo ground-truths y, which can be
formulated as:

Yy=9mUm 'f)\’/w’ 4)
1, if C(y,,) > a and IoUQ,,, 3,,) < B
= , 5)
0, otherwise

where C(-) denotes the confidence score. We set the confidence
threshold @ and IoU threshold g to 0.95 and 0.5, as detailed
in the hyperparameter ablation studies IV-E.

C. Uncertainty and Diversity Acquisition Functions

After initializing the fully supervised detector M/ using
the obtained pseudo ground-truth boxes, the detector has
preliminary detection ability. So far, we follow the weak
supervision paradigm, i.e., only accessing image-level labels,
eliminating the requirement of annotation compared to exist-
ing ALOD methods [1], [2], [7]. Following SOTA method
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PPAL [1] in ALOD, it utilizes the information entropy
and image similarity as acquisition functions to measure
the uncertainty and diversity between images. We focus on
improving the information entropy and image similarity to
further enhance the localization quality of the pre-trained
detector during the AL process. We propose a collabora-
tive mechanism where uncertainty and diversity acquisition
functions integrate results from both the weakly supervised
detector M" and pre-trained fully supervised detector M.
The uncertainty and diversity acquisition functions not only
quantify the uncertainty of two detectors and the diversity of
object features but also enhance the localization quality of
the pre-trained detector. Finally, the informative images X, in
the unlabeled dataset X, are selected using uncertainty and
diversity acquisition functions to further refine the initialized
detector M/

1) Uncertainty Acquisition Function: Different object cate-
gories exhibit their inherent difficulty for classification, such as
the ambiguity of visual features between birds and airplanes in
the distant image. The class-wise difficulty facilitates the selec-
tion of challenging categories critical for improving detector
performance. Otherwise, the AL process may repeatedly select
easily classifiable samples. Moreover, class-wise difficulty
is updated by an exponential moving average(EMA), which
reflects both instance-wise difficulty for each same-category
instance in the previous training batch(long-term) and recent
training batch(short-term). Thus, we first introduce the image-
wise uncertainty acquisition function in eq. (6), which is based
on the category-related weight in eq. (7) and the class-wise
difficulty in eq. (8), to select informative images.

Ny C
Uy =Y weijy - Y =pij - log(pip), 6)
j=1 i=1
we =14 2-ylog(1 + (' = 1) - go), )
s
ge e mT g+ A= Y 2 dy, ®)
¢ =1

where U denotes the uncertainty acquisition function, N;
and C denote the number of detected objects by initialized
M/’ from image I and the classification number respectively,
and p;; denotes the predicted probability of the category
i corresponding to object j. wc indicates the category-
related weight for the object j corresponding to the category
c obtained by class-wise difficulty g.. w,. is the category-
related weight corresponding to category ¢, which does not
contain the mean of the object. The class-wise difficulty g,
is introduced and updated by the instance-level difficulty d
using an exponential moving average(EMA) during training,
where k and N¥ denote the iteration and the number of objects
corresponding to category c in the training batch in the k-th
iteration. The g¥ is updated in each iteration. The A, y and m
are hyper-parameters set as in PPAL [1].

Note that in eq. (8) the instance-wise difficulty d is related to
the classification probability and localization quality, which are
usually calculated from the fully supervised detector initialized
by randomly selected images with instance-level labels as
in PPAL [1]. However, the localization quality of initialized
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fully supervised detector My is limited as shown in Figure 2,
because the AL process relies on a single fully supervised
detector trained by randomly selected images with instance-
level labels or obtained pseudo ground-truth boxes that are not
necessarily informative images. To overcome this issue, we
collaboratively use the results of weakly supervised detector
M" and fully supervised detector M/ to obtain instance-wise
difficulty for better measuring the instance-wise uncertainty.
Specifically, we choose the maximum IoU between y,,, y r and
Vg to calculate the instance-wise difficulty d:

d=1-POylye) - max(IoU(ys,ye), 0UGw, ye))' 7, (9)

where d indicates instance-wise uncertainty, y, and ,, denote
the predicted boxes from M/ and MY respectively Vets
is the pseudo ground-truth boxes obtained AL initialization
and the instance-level label annotated by AL. P(-) indicates
the classification probability, p is a hyper-parameter with a
value range of 0 < p < 1.

Here, we provide a detailed case to clarify the workflow
of the uncertainty acquisition function in the AL process.
First, during the AL process, we first calculate the instance-
wise difficulty d. Given a ground truth box y, in Xj, the
corresponding detection results y; and y,, are predicted by
M’ and M", and the classification probability is recorded as
P(yslye:). Following eq. (9), the instance-level difficulty d for
each instance y,, can be calculated. Then, g and m? of each
category c are initialized with 1 and 0.99. We average the
instance-wise difficulty of the same-category objects in the
training batch and continuously update g* using m*~! following
an exponential moving average. When there are no objects of
class i in the training batch, we decrease m* by multiplying
m(i.e., m* = m=1-m?), else m* is numerically set to m?. Until
the training iteration is complete, we obtain the class-wise
difficulty g. for each category and the category-related weight
w, following eq. 8 and eq. 7. In addition, for each image of
X7, we calculate the image-wise uncertainty acquisition by
weighting the entropy of all detected objects based on Eq. 6.
Note that when r = 1, y, represents the pseudo ground-
truth boxes obtained during initialization; when r > 1, y,
corresponds to a combination of pseudo ground-truth boxes
and ground-truth boxes. Finally, given a budget b, we select b
the most uncertain images (called the candidate set C) based on
the above uncertainty acquisition function from the unlabeled
set Xy

2) Diversity Acquisition Function: After measuring the
image-wise uncertainty, we further select informative images
Xp from the candidate set based on the diversity acquisition
function, which is implemented by minimizing the similarity
between images. In the diversity acquisition function, we still
integrate the weakly supervised detector M" and the initialized
fully supervised detector M/ together to measure the similarity
between images.

Specifically, for two images I, and [, the weakly supervised
detector M" and the fully supervised detector M/ predict the
object triplets, termed as O}, O, and O, O} that includes the
object regions, object categories and its confidence, and visual
feature of each object, respectively. Here, O/, and O/ denote
the predictions of M" and M/ in images I,. The O, and O}
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in the images I, have meanings similar to the above. Then,
we use the similarity of O;,, O} and O}/, O} as a proxy for the
similarity of /I, and I, which is computed by matching each
object in the current image with its most similar counterpart

in other images defined as:

1 ey Y rery Y
Sy, Ip) = Z(S (03, 0p) + 57(04,0,)

+8"(04,04) + S" (0,0, (10)
1 M{I

5" (04, 0p) = o D tai - max(sim(0q;, 0p)), (1)
@l iy
1 &

S (0, 0a) = S D thi-max(sim(op;, 0a)),  (12)
bi iy

where sim(o,;, Op) denotes the cosine similarity between the
visual feature of object i in image I, and each object visual
feature in image /, with the same category. M, and ¢,; denote
the object number and category confidence of object i in the
image 1, respectively. The eq. (12) is similar to eq. (11). Note
that the cosine similarity function sim(-) is set to 0 when the
category of objects in the image I, does not exist in the image
I, otherwise we calculate the cosine similarity between the
feature of the object of the same category in image I, and
image I,. We use o,; and O, as an example to formalize the
cosine similarity function:

0 if cai € Cps
Oq,i * Ob,j
log,ill - llo,l]
and ca; = Cpj

$im(04,:, Op) = if Caji € Cpu (13)

where ¢, denotes the list of all predicted categories in image
b. ¢4 and ¢, ; denote the category of objects i and j in the
image I, and I;. 0,; and o, ; indicate the visual features of
object i and object j in the image I, and the image I;.

Based on the calculated similarity above between I, and I,
we mine the g images from the candidate set C that exhibit low
similarity with each other as cluster centroids. Our objective
is to maximize the inter-cluster distance with the minimum
image similarity:

Xp = arg max min S(1,, Ip) 5.t Xpl = ¢ (14)

cC a#b
I, 1,eC

where X7, denotes the set of informative images, S (I, I) is
calculated by eq. 10. All images in the candidate set C are clus-
tered into ¢ clusters based on cosine similarity and Euclidean
distance. During the cluster process, we update the elements
in the X, using cluster centroids. When the cluster process is
finished, the X ’Q is determined as the set of informative images,
which are annotated by humans with instance-level labels
to further refine the detector M/. To significantly enhance
the understanding, a comprehensive algorithm diagram that
contains the overall workflow of ILD as shown in algorithm 1.
Meanwhile, the explanation of the key symbols is described
in Table I.

IV. EXPERIMENTS

In this section, we experimentally validate our ILD frame-
work and analyze the effectiveness of each component, where
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Algorithm 1 Pseudo Code of ILD

Require: pre-trained vision-language models M",
pre-trained weakly supervised detector M",
fully supervised detector M/,
the set without instance-level labels X7,
the set with instance-level labels X7,
the set with image-level labels Xj;,
//AL initialization
for I to X;;, do
M"" and M/ predict detection results $,, and ¥, on 1.
obtain pseudo ground-truth boxes y by eq. 4 and eq. 5.
y is saved in temp LiSt yepp.
end for
M/ is initialized bY Yiemp-
pseudo ground-truth boxes y in Yiemp as yer.
//AL process
for r to 6 do
predict y; and y,, by M’ and MY corresponding to V-
record classification probability P(ys|yge).
calculate instance-wise difficulty d by eq. 9.
update class-wise difficulty g and obtain category-related
weight w by eq. 8 and eq. 7.
for I to X, do
calculate the image uncertainty by eq. 6.
end for
select b uncertainty images to append to C.
mine q images from C that exhibit low similarity with
each other using eq. 10.
select the set of informative images X;, by eq. 14.
X=Xy, - X5, X = X) 4+ X, X, refine M/,
Yer = XrQ U yer
end for
Ensure: M/

includes some ablation studies and comparisons against other
state-of-the-art detectors on PASCAL VOC 2007 dataset [49]
and MS COCO 2014&2017 datasets [50]. Then, some qual-
itative results of our ILD are shown. Moreover, we further
explore the influence of hyper-parameters in ILD.

A. Datasets and Evaluation Metrics

We evaluate the proposed ILD method on three widely used
PASCAL VOC 2007 [51] and MS COCO [50] 2014&2017
datasets. The VOC 2007 and VOC 2012 datasets contain 5011
images and 11540 images on trainval set respectively, and
VOC 2007 dataset contains 4952 images on test set from
20 object categories. We use VOC 2007+2012 trainval set
for training and use VOC 2007 test set for testing. The MS
COCO 2017 contains around 118000 training images and 5000
validation images from 80 categories, and we train ILD on
train set and test ILD on validation set. On COCO 2014
dataset, we train ILD with the train split (82783 images)
and evaluate it on the validation split (40504 images). For
evaluation metrics, it complies with the PASCAL criterion on
VOC datasets, and a positive detection has an IoU>0.5 with
the ground-truth box. On MS COCO dataset, the performance
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TABLE 1
THE EXPLANATION OF THE KEY SYMBOLS IN ILD

symbols explanation

a confidence score threshold value in box fusion strategy
B IoU threshold value in box fusion strategy
Uy image-wise uncertainty acquisition function

We(s) category-related weight for objec't j corresponding to category c
We category-related weight of category ¢
gf class-wise difficulty of category i in k-th iteration

O, object triplets

O i visual feature for object i in image I,

[ predicted category for object i in image I,

category confidence for object i in image I,

tuyi
S(1a, In) similarity of I, and I}

of all experiments follows the standard COCO-style precision
metrics, i.e. AP(IoU range of 0.5:0.95:0.05), AP50(IoU@0.5)
and AP50(IoU@0.75) are reported in our paper.

B. Implementation Details

In our ILD framework, we select OD-WSCL [13] or OICR
[52] as the weakly supervised detector, and use MiniGPT-
v2 [12], Qwen2.5-VL [14] or OWL-VIiT [15] as the VLM in
the multi-step reasoning stage during AL initialization. In the
active learning stage, we use RetinaNet [20] or Deformable-
DETR [53] as the fully supervised detector. All experimental
setups are consistent with these methods unless specifically
emphasized.

In the AL initialization with multi-step reasoning process,
for the training set of VOC 200742012 and MS COCO
2014/2017 datasets, we select the top 5000 images with image-
level labels to generate pseudo ground-truth boxes and use
them to initialize the fully supervised detector. In the multi-
step reasoning process, we set the iterative number M = 2
to prevent missing objects. Moreover, we set @ = 0.95 and
B = 0.5 in eq. (5) as the confidence threshold and IoU
threshold to fuse detection results from WSOD and VLM as
pseudo ground-truth boxes.

In the AL stage, following PPAL [1], we set p = 0.6 in
eq. (9) to calculate the instance-wise difficulty, and set the total
AL rounds r to 6 and 4 for PASCAL VOC and MS COCO
datasets, respectively. Meanwhile, the number of candidate
images b and the cluster centroid g is set to 1656 and 414.
The base EMA momentum my in eq. (8) is set to 0.99 and
the v and A in eq. (7) are set to 0.3 and 0.2 respectively. We
use the PyTorch deep learning framework [54] and 8§ NVIDIA
RTX 3090 GPUs to train our model.

C. Main Results

To validate the effectiveness of our proposed method, we
compare our ILD with well-known fully supervised detectors
(i.e., RetinaNet [20] and Deformable-DETR [53]) on PASCAL
VOC 2007 and MS COCO 2017 datasets. As shown in
Table II, we explore initialized fully supervised by a% images
with instance-level labels, and select c% the most informative
images with instance-level labels to refine the detector in each
round until Xj contains b% images. The a%:b%:c% denotes
instance-level label proportion during AL process, such as
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a% = 0%,b = 15%,c% = 2.5%. Our proposed ILD framework
combining with RetinaNet [20] achieves 77.5%, 43.2% and
26.6% in mAP, AP50 and AP(0.5:0.95:0.05) on VOC 2007
test set and MS COCO 2017 val set with only accessing 15%
and 8% instance-level labels, which are comparable to the
performance of RetinaNet [20] under the fully supervised set-
ting. Moreover, to validate the generalization of our proposed
method, we integrate Transformer-based Deformable-DETR
[53] into ILD, we achieve 72.9% in mAP with 15% instance-
level labels, which is close to 78.5% in fully supervised
manner. For a fair comparison, we randomly select 15% and
8% images with instance-level labels to train RetinaNet [20]
and Deformable-DETR [53]) on VOC 2007 and COCO 2017
dataset, and ILD outperforms them by about 10% absolutely,
as shown in the 3rd, 4th, 5th and 6th rows of Table II. Mean-
while, as shown in the 7th row of Table II, we explore OICR
and MiniGPT-v2 to collaboratively conduct active learning for
RetinaNet. The detection performance of ILD integrated with
the weakly supervised detector OICR and OD-WSCL on VOC
and COCO achieves a comparable result(i.e., 77.5% vs. 77.2%,
43.2% vs. 42.1%, 26.6% vs. 26.0%). The above comparisons
demonstrate the effectiveness of our ILD, which is insensitive
to weakly supervised detectors.

Moreover, we quantitatively show the detection performance
of PPAL and our proposed ILD under consistent AL initial-
ization, including random initialization and distribution bias
initialization. Random initialization means that the fully super-
vised detector is initialized by randomly selected images with
instance-level labels, and distribution bias initialization means
that the AL initialization set only contains minimal instance-
level labels for people, dogs, and cats. As shown in Table III,
we can observe those container-like objects(e.g., boat, potted-
plant, chair, handbag, sink, bench) are difficult to locate by
PPAL during the AL process under random initialization on
VOC and COCO datasets. Based on the collaborative mech-
anism of WSOD and pre-trained fully supervised detector in
uncertainty and diversity acquisition functions, ILD improves
the performance of these difficult-to-localize objects in each
round of active learning, further enhancing the localization
quality of the fully supervised detector. Furthermore, under
the distribution bias of AL initialization, the detection per-
formance of people, dogs, and cats is significantly decreased
during AL process(e.g., decrease 40.2%, 30.8%, 30.4% in AP
for person, dog, cat in the first round of AL process). This
performance degradation becomes especially evident during
the early phase of AL process(i.e., r=1, 2, 3). Under such a
distribution bias, our ILD still enhances localization quality
during the AL process. To further demonstrate the robustness
of our ILD, we conduct a comprehensive analysis for the
improvement of our ILD under the setting of distribution bias
initialization. During the AL initialization, distribution bias
initialization leads the optimization process of the fully super-
vised detector to primarily rely on gradient updates from those
majority categories. For rare categories (e.g., person, dog, and
cat in Table III), the fully supervised detector struggles to
capture their diverse visual representation and tends to confuse
their visual representation with the background or visually
similar categories. Thus, those informative images mined
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TABLE I

THE MAP(VOC), AP50(COCO) AND AP(COCQO) PERFORMANCE OF OUR PROPOSED ILD AND OTHERFULLY SUPERVISED DETECTORS ON VOC2007
TEST SET AND MS COCO 2017 VAL SET UNDER THE SETTING OF DIFFERENT INSTANCE-LEVEL LABEL PROPORTIONS, THE PROPORTION
DENOTES INSTANCE-LEVEL LABEL PROPORTION IN DATASETS.T DENOTES THAT OICR AND MINIGPT-v2 COLLABORATIVELY CONDUCT
ACTIVE LEARNING FOR RETINANET.* MEANS TRAINING ON 07+12 TRAINVAL SET.A%:B%:C% OF INSTANCE-LEVEL LABEL
PROPORTION DENOTES THE DETECTOR IS INITIALIZED BY A% IMAGES WITH INSTANCE-LEVEL LABELS, AND SELECT
C% THE MOST INFORMATIVE IMAGES WITH INSTANCE-LEVEL LABELS TO REFINE THE DETECTOR IN EACH ROUND
UNTIL XZ CONTAINS B% IMAGES. THUS, THE TOTAL ACTIVE LEARNING ROUNDS ARE (b — a)%/c%

Method vOC COCO
proportion mAP proportion AP50 AP(0.5:0.95:0.05)
RetinaNet [20] 100% 81.6* 100% 54.9 36.0
Deformable-DETR [53] 100% 78.5% 100% 65.2 46.2
RetinaNet [20] 15%(random) 63.8* 8% (random) 34.1 20.2
Deformable-DETR [53] 15%(random) 62.4% 8% (random) 39.3 24.4
ILD with RetinaNet (Ours) 0%:15%:2.5% 77.5% 0%:8%:2% 432 26.6
ILD with Deformable-DETR (Ours) 0%:15%:2.5% 72.9% 0%:8%:2% 45.6 27.9
ILD with RetinaNet (Ours) 0%:15%:2.5% 77.2% 0%:8%:2% 42.1 26.0
TABLE IIT

THE LOCALIZATION ABILITY OF PPAL AND ILD DURING AL PROCESS, WHERE DIFFICULT-TO-LOCATE OBJECTS ARE LISTED. THE RANDOM
INITIALIZATION DENOTES THE FULLY SUPERVISED DETECTOR IS INITIALIZED BY RANDOMLY SELECTED IMAGES WITH INSTANCE-LEVEL
LABELS, AND DISTRIBUTION BIAS INITIALIZATION MEANS THAT AL INITIALIZATION SET ONLY CONTAINS
MINIMAL INSTANCE-LEVEL LABELS FOR PEOPLE, DOGS, AND CATS

random initialization distribution bias initialization random initialization distribution bias initialization

Method  round Method
yocC Ccoco vocC yocC Ccoco vocC
boat=29.1 handbag=2.5 person=32.5(140.2) boat=37.5 handbag=3.2 person=40.1
r=1 pottedplant=29.7 sink=9.4 dog=40.7(]30.8) pottedplant=31.7 sink=9.8 dog=42.5
chair=45.8 bench=5.8 cat=46.1(130.4) chair=57.9 bench=7.4 cat=48.7
boat=32.8 handbag=3.5 person=56.2(]20.2) boat=51.4 handbag=4.9 person=59.2
r=2 pottedplant=33.4 sink=10.2 dog=60.0({.16.8) pottedlant=45.9 sink=11.8 dog=62.0
chair=50.0 bench=8.0 cat=62.5(]17.3) chair=59.0 bench=9.0 cat=68.5
boat=49.0 handbag=4.8 person=68.9(].8.8) boat=55.6 handbag=5.7 person=69.0
PPAL r=3 pottedplant=42.9 sink=10.0 dog=69.0(,7.7) ILD pottedplant=47.8 sink=13.1 dog=70.6
chair=52.4 bench=7.7 cat=72.7(8.8) chair=59.2 bench=8.0 cat=72.6
boat=48.9 handbag=5.3 person=74.5(]4.4) boat=56.0 handbag=6.5 person=74.9
r= pottedplant=44.1 sink=12.4 dog=71.2(]7.1) pottedplant=48.8 sink=13.7 dog=71.0
chair=54.9 bench=9.2 cat=75.5(17.5) chair=61.4 bench=9.9 cat=75.4
boat=50.2 person=75.0(]4.6) boat=57.4 person=76.2
r= pottedplant=46.5 dog=72.8(17.5) pottedplant=50.2 dog=73.1
chair=55.9 cat=80.4({3.0) chair=62.0 cat=80.8
boat=54.0 person=75.8(]4.9) boat=57.9 person=76.0
r= pottedplant=48.4 dog=72.7(17.7) pottedplant=50.5 dog=72.5
chair=57.0 cat=80.8({3.3) chair=62.2 cat=81.1

by acquisition functions in PPAL [1] are unreliable during
the AL process. By our designed collaborative mechanism,
WSOD captures most regions of each object, thereby enabling
more accurate instance-wise difficulty d in Eq. 9 and image
similarity S in Eq. 11. The collaborative mechanism in our
acquisition functions effectively helps in correcting the bias
of the pre-trained fully supervised detector introduced during
AL initialization with distribution bias.

To demonstrate the generalizability and adaptability of the
proposed ILD, we integrate various VLMs(i.e., MiniGPT-v2
[12], OWL-VIT [15], Qwen2.5-VL [14]) into our ILD frame-
work. As shown in Figure 5, the performance of various VLMs
integrated into the ILD framework yields comparable results,
where MiniGPT-v2 exhibits slightly better performance within
ILD(.e., ILD with MiniGPT-v2, Qwen2.5-VL and OWL-ViT

achieve 77.5%, 75.5% and 75.3% in mAP, respectively). The
reason is that Qwen2.5-VL and OWL-ViT encounter a higher
missed detection rate compared to MiniGPT-v2 during AL
initialization, leading to slightly lower initial performance.
Consequently, the overall performance of the AL process
is marginally lower than that achieved using ILD with
MiniGPT-v2.

Meanwhile, we also make comparisons of runtime /
memory efficiency with other AL pipelines, as shown in
Table IV. Compared to baseline PPAL [1], we increase 1.5G,
10G, 11G memory for OWL-ViT [15], MiniGPT-v2 [12],
Qwen2.5-VL [14] within ILD. In our multi-step reasoning
process based on Chain-of-Thought during AL initializa-
tion, generating pseudo ground-truth boxes constitutes the
primary runtime overhead. Our ILD with OWL-ViT [15],
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Fig. 5. The ILD performance using various VLMs, including MiniGPT-v2
[12], OWL-VIT [15], Qwen2.5-VL [14].

TABLE IV

COMPARISONS OF RUNTIME/MEMORY EFFICIENCY
WITH OTHER AL METHODS

Method Memory AL initialization Runtime

VDPL-MIOC [55]
PPAL(baseline) [1]

1.8 GB per GPU —
2.0 GB per GPU —

ILD with OWL-ViT [15] 3.5 GB per GPU 80ms
ILD with MiniGPT-v2 [12] 12.0 GB per GPU 1200ms
ILD with Qwen2.5-VL [14] 13.0 GB per GPU 540ms

MiniGPT-v2 [12], and Qwen2.5-VL [14] exhibits an average
inference latency of ~80 ms, ~1200 ms, and ~540 ms per
image, computed on the first 100 images of the VOC 2007 test
set with 8 NVIDIA RTX 3090 GPUs. The “AL initialization
Runtime” in Table IV represents the computational overhead
introduced during the AL initialization phase. Both VDPL-
MIOC [55] and PPAL [1] utilize randomly selected images
with instance-level labels to initialize the fully supervised
detector (i.e., RetinaNet [20]). In contrast to our AL initial-
ization method with VLM, the paradigm of random selection
in VDPL-MIOC [55] and PPAL [1] introduce no additional
hardware computational cost. Therefore, the “AL initialization
Runtime” for VDPL-MIOC [55] and PPAL [1] is denoted
by “—” in Table IV. Notably, the inference computational
overhead of fully supervised detectors remains unchanged.

D. State-of-the-Art Comparison

We compare our proposed ILD with other active learning
object detection methods [1], [2], [6], [7], [8], [10], [55], [56],
[57], [58], [59] on VOC2007 test and MS COCO 2017 val
sets, and the comparison results are shown in Table V. We can
observe that we surpass all previous approaches. For example,
our ILD exceeds the previous SOTA method EDL-HUA [10]
by 3.4% (74.1% vs. 77.5%) in mAP on VOC2007 test while
using fewer instance-level labels(15% vs. 20%).

As shown in Figure 6(a), we visualize the performance of
ILD and previous SOTA methods during AL step by step
on VOC 2007 test set. Note that previous methods access
instance-level labels to initialize the detector, while we do
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Fig. 6. Comparison of ILD and previous SOTA active learning based detection
methods on VOC2007 and COCO2017 datasets.

not access any instance-level labels (i.e., only using image-
level labels to generate pseudo bounding-boxes). Thus, we
start the AL process with the 0% instance-level label pro-
portion. The results show that ILD is obviously better than
the previous methods. For example, benefiting from the well-
designed AL initialization method, ILD with RetinaNet [20]
and Deformable-DETR [53] achieve a notable performance
62.9% and 56.2% in mAP with 0% instance-level label pro-
portion. Moreover, our ILD with RetinaNet using only 2.5%
instance-level labels surpasses previous SOTA methods using
20% instance-level labels.

To demonstrate the robustness of ILD, we also evaluate it on
COCO 2017 val set. The results are shown in Table V, similar
to the above experiments, we outperform all previous methods.
Compared with the previous SOTA approach PPAL [1], ILD
improves AP50 from 38.7% to 45.6% and AP(0.5:0.95:0.05)
from 23.2% to 27.9%. As shown in Table VI, ILD exceeds
the previous state-of-the-art method ALWOD [5] by 3.6%
(39.8% vs. 43.4%) in AP50 and 1.2% (24.5% vs. 25.7%) in
AP on COCO 2014 val set. The comparison on MS COCO
2014&2017 datasets further proves that our AL initialization
and uncertainty & diversity acquisition functions are effective
for ALOD. In Figure 6(b), we visualize ILD and previous
methods during AL step by step on COCO 2017 val set.
Similarly, ILD with RetinaNet [20] and Deformable-DETR
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TABLE V

THE MAP(VOC), AP50(COCO) AND AP(COCO) PERFORMANCE OF OUR PROPOSED ILD COMPARED WITH OTHER SOTA METHODS ON VOC 2007

TEST AND COCO 2017 VAL SET. THE PROPORTION DENOTES INSTANCE-LEVEL LABEL PROPORTION IN DATASETS
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Method voC COCO
proportion mAP proportion AP50 AP(0.5:0.95:0.05)
MC-DropOut [56] 12%:42%:6% 74.4% 6.25%:12.5%:1.25% 31.5 18.3
NALAE [6] 12%:42%:6% 74.9% 6.25%:12.5%:1.25% 32.8 19.7
PM [2] 12%:42%:6% 73.2% 6.25%:12.5%:1.25% 323 18.9
DivProto [7] 6%:60%:6% 75.5% 2%:10%:2% 349 222
1AU [57] 10%:60%:10% 68.9 4.2%:8.4%:0.84% 32.5 19.6
Core-set [58] 5%:20%:2.5% 70.2% 2%:10%:2% 30.5 18.0
MIAL [8] 5%:20%:2.5% 72.1% 2%:10%:2% 31.0 20.8
MIDL [59] 5%:20%:2.5% 74.0% 2%:10%:2% 339 21.5
EDL-HUA [10] 5%:20%:2.5% 74.1% 2%:10%:2% 32.7 21.2
VDPL-MIOC [55] 5%:20%:2.5% 73.2% 49%:10%:1% 33.1 21.8
PPAL [1] 5%:20%:2.5% 72.6% 2%:10%:2% 38.7 232
ILD with RetinaNet (Ours) 0%:15%:2.5% 77.5% 0%:8%:2% 43.2 26.6
ILD with Deformable-DETR (Ours) 0%:15%:2.5% 72.9% 0%:8%:2% 45.6 27.9
TABLE VI TABLE VIII

THE AP50(COCO) AND AP(COCO) PERFORMANCE OF OUR PROPOSED
ILD COMPARED WITH OTHER SOTA METHODS
ON COCO 2014 VAL SET

Method coco
instance-level label proportion AP50 AP(0.5:0.95:0.05)
BiB [4] 1%:5%:1% 332 16.5
ALWOD [5] 1%:5%:1% 39.8 245
ILD with RetinaNet(Ours) 0%:4%:1% 43.4 25.7
TABLE VII

THE MAP AND AP50 OF MINIGPT-v2 WITH AND WITHOUT CLASS-
NUMBER-AWARE STEP AND ITERATIVE STEP ON VOC 2007
TEST AND COCO 2017 VAL SET

Method class-number-aware step iterative step VOC-mAP(%) COCO-AP50(%)

X X 46.4 27.9
MiniGPT-v2 v X 50.4 28.5
v v 51.5 29.0

[53] only accessing 2% and 4% instance-level labels surpasses
previous SOTA methods using 10% instance-level labels.

Finally, as shown in Table VII, we validate the enhanced
detection performance of MiniGPT-v2 [12] by multi-step
reasoning process.. We can observe that the class-number-
aware step improves mAP from 46.4% to 50.4% and from
27.9% to 28.5% on VOC 2007 test set and COCO 2017 val
set. By further introducing the iterative step, the detection
performance of MiniGPT-v2 [12] increases from 50.4% to
51.5% and from 28.5% to 29.0%. Based on enhanced detection
ability, we provide high-quality pseudo ground-truth boxes for
AL initialization.

E. Ablation Studies

1) Effectiveness of AL initialization using ILD: As shown
in the 1st and 4th rows of Table VIII, we initialize RetinaNet
[20] using randomly selective instance-level labels as well as
ILD and compare the performance of these two initialization

ABLATION RESULTS OF ILD WITH RETINANET
ON VOC2007 TEST SET

ILD init. AL w. DCUS AL w. Unce.

random init. ;Y Wweon & CCMS in [1] & Dive. in ILD  ™AP(%)
v P P X X 434
X v P X X 605
X X v X X 446
x v v X X 62.9
X v v v X 76.6
P v v X v 775

methods. Surprisingly, we can observe that AL initialization
by ILD with multi-step reasoning and WSOD brings 19.5%
improvement (from 43.4% to 62.9%) in mAP. As mentioned
earlier, the reason is that AL initialization with ILD introduces
the accurate category number and prevents missing objects in
these pseudo ground-truth boxes.

To further demonstrate the effectiveness of our AL initializa-
tion(i.e., ILD init. in Table VIII), we explore the improvement
of our AL initialization with and without VLM and WSOD
as shown in the 2nd, 3rd and 4th rows of Table VIII. The
detection results obtained from the VLM and WSOD are
used to independently initialize the RetinaNet [20] detector,
achieving 60.5% and 44.6% mAP during AL initialization.
Furthermore, when these detection results are together utilized
as pseudo ground-truth boxes to initialize the RetinaNet [20]
detector during AL initialization, a superior performance gain
is achieved (i.e., 62.9% mAP), surpassing the results obtained
by using either VLM or WSOD alone. The experimental
results further demonstrate the effectiveness of our AL ini-
tialization(i.e., VLM and WSOD jointly initialize the fully
supervised detector).

2) Effectiveness of AL with Uncertainty & Diversity acqui-
sition functions: To prove the effectiveness of AL with
uncertainty & diversity acquisition functions in ILD, we
explore different methods to obtain instance-level labeled
images using our designed uncertainty & diversity acquisition
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Fig. 7. The influence of image-level label proportions in active learning

initialization on VOC 2007 test set.

TABLE IX

INFLUENCE OF IMAGE-LEVEL LABEL PROPORTIONS DURING
AL INITIALIZATION ON COCO 2017 VAL SET

Label Type Label Proportion AP(%) AP50(%) AP75(%)
image-level 8% 8.4 16.4 7.8
image-level 4% 8.4 16.8 7.4
image-level 2% 22 4.8 1.8
instance-level 2% 7.4 15.9 6.5

function(‘AL w. Uncer. and Diver.”) and another acquisition
function in PPAL [1](‘AL w. DCUS & CCMS’). As shown
in the 5th and 6th rows of Table VIII, we employ AL
initialization with multi-step reasoning to initialize PPAL and
ILD. ILD with uncertainty & diversity acquisition functions
achieves 77.5% in mAP on VOC 2007 test set, which outper-
forms PPAL with DCUS & CCMS acquisition functions by
0.9% in mAP. The reason for this improvement is that our
well-designed two novel uncertainty and diversity acquisition
functions based on the results of the weakly supervised detec-
tor and initialized detector mines more informative images
compared to the acquisition functions in [1].

3) Influence of image-level label proportions in AL initial-
ization: We explore the influence of different image-level label
proportions in the AL initialization on detection performance
on VOC 2007 test set and COCO 2017 val set. As shown
in Figure 7, we can observe that ILD with 5% image-level
labels (yellow line) in AL initialization achieves competitive
performance compared to PPAL [1] which uses 5% instance-
level labels during the AL process. In addition, ILD with
6% image-level labels achieves superior performance(73.0%)
in mAP compared to PPAL(72.6%). As the proportions of
image-level labels gradually increase in AL initialization, the
detection performance of ILD is close to fully supervised
RetinaNet [20]. We believe that increasing the proportion of
image-level labels can further improve detection performance
but it increases the annotation effort.

Table IX shows the influence of the image-level label
proportions on the RetinaNet detector during AL initialization
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TABLE X

THE MAP PERFORMANCE OF DIFFERENT CONFIDENCE THRESHOLD « IN
THE FUSION STRATEGY ON VOC 2007 TEST SET

«@ mAP(%)
without WSOD 60.5
0.5 58.4
0.6 59.7
0.7 59.9
0.8 61.0
0.9 62.5
0.95 62.9

TABLE XI

THE MAP PERFORMANCE OF DIFFERENT I0OU THRESHOLD f3 IN
THE FUSION STRATEGY ON VOC 2007 TEST SET

8 mAP(%)
0.1 60.7
0.3 61.1
0.5 62.9
0.7 62.0
0.9 61.8
80.0 80.0
| |
e Jr— e
55 75.0 — % 750 ==
= i
&) )
S
2700 S 700
Ei El
£65.0 —— p=0.0 p=0.2 5 65.0 —o=y=0.1 =0—y=0.3
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Fig. 8. Detection performance of ILD under various p, 4, y in eq. 7 and eq. 9
and M in eq. 3 on VOC 2007 test set.

on COCO 2017 val set. We can observe that the performance
of AL initialization increases from 2.2% to 8.4% when using
various image-level label proportions(i.e., 2%, 4% and 8%).
We achieve the highest AL initialization performance(i.e.,
8.4% AP) when the image-level label proportion is set to 4%
and 8%. We believe that increasing the proportion of image-
level labels can further improve initialization performance,
but it increases the annotation effort of image-level labels.
Our proposed ILD with 4% image-level labels surpasses the
previous AL initialization method(i.e., 2% instance-level label)
by 1.0% in mAP (i.e., 8.4% vs. 7.4%). So, we utilize the
4% image-level label instead of the 2% instance-level label to
perform AL initialization. Based on the above experimental
results, to balance the AL initialization performance and
annotation effort, we set the image-level label proportion to
4% in all experiments on COCO 2017 dataset.
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ke
T -

Fig. 9. Qualitative results of our ILD on VOC2007 test set and COCO 2017 val set. The detection results predicted ILD above the dotted line (red and
green bounding boxes denote our predictions and ground-truth boxes). The pseudo ground-truth boxes generated by ILD below the dotted line (red and
green bounding boxes denote our generated pseudo ground-truth boxes and ground-truth boxes. yellow and blue bounding boxes indicate WSOD and VLM

predictions in our box fusion strategy).

4) Influence of confidence threshold a and IoU threshold
B in the fusion strategy: We report the influence of the
confidence threshold @ and IoU threshold 8 in the box fusion
strategy as shown in Table X and Table XI. The confidence
threshold @ and IoU threshold g directly control the perfor-
mance of initialized RetinaNet by selecting detection results
from the weakly supervised detector OD-WSCL as pseudo
ground-truth boxes. Table X shows the comparison of mAP
performance using different threshold values a(a = 0.5, 0.6,
0.7, 0.8, 0.9, 0.95) on VOC 2007 test set. We can observe
that using the detection results of the weakly supervised
detector OD-WSCL as pseudo ground-truth boxes improves
the detection performance from 60.5% to 62.9%, and Reti-
naNet detector achieves the highest mAP(i.e., 62.9%) when
the threshold value « is set to 0.95. In our box fusion strategy,
bounding boxes with high confidence scores from WSOD
typically cover complete objects or most regions of objects,
and those boxes with lower confidence scores frequently
contain misclassified regions, which aligns with the consistent
conclusion in [46]. Thus, high-confidence bounding boxes
of WSOD(e.g., @« > 0.9) as pseudo-ground truth boxes are
beneficial in AL initialization, ensuring robust generalization
to novel datasets.

Moreover, we also compare different IoU threshold values
B B = 0.1, 0.3, 0.5, 0.7, 0.9) on VOC 2007 test set as

shown Table XI. The optimal AL initialization (i.e., 62.9%)
is achieved by our bounding box fusion strategy when S is
set to 0.5 in RetinaNet. Meanwhile, we can observe that AL
initialization performance degrades when S is either too small
(B =0.1, 0.3) or too large (8 = 0.7, 0.9). This reason is that a
smaller B overlooks adjacent objects detected by VLM and
WSOD, while a larger 8 obtains multiple bounding boxes
of the same objects from VLM and WSOD. In particular,
the NMS operation in RetinaNet prevents performance degra-
dation caused by larger B, thus comparable performance is
achieved even with higher 8 (e.g., 8 = 0.7, 0.9). In our paper,
we set @ = 0.95 and 8 = 0.5. Our box fusion strategy can be
configured with a larger a (e.g., @ > 0.9) and an appropriate
B (e.g., B near 0.5), ensuring robust generalization to novel
datasets.

Influence of p, 4, ¥ and M during AL process. We
explore the influence of p, A4, ¥ in eq. 7 and eq. 9 during
AL process. As shown in Figure 8, we can observe that the
detection performance of ILD is insensitive for different p,
A and y. Compared with the different settings of p, 4, and
vy, the p, A and y are set to 0.6, 0.2 and 0.3, achieving
the highest mAP(i.e., 77.5%). Moreover, we conduct ablation
experiments to select a suitable iterative number M in eq. 3
in multi-step reasoning process. The fourth sub-figure in
Figure 8 shows the comparison results of different iterative
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numbers on VOC 2007 test set. It can be observed that the
initial performance in mAP(i.e., MiniGPT-v2 only with class-
number-aware step) is 50.37%. By increasing the number of
iterations, the detection performance increases substantially
compared to the case where M = 0. However, continue
to increase the iterative number when M > 2, the change
of detection performance in not obvious(i.e., from 51.50%
to 51.72% in mAP). Meanwhile, as the iterative number is
increased, the computational cost of MiniGPT-v2 keeps on
rising. The reason is that the computational complexity is
directly proportional to the iterative number M. Therefore, to
balance detection performance and computational costs, we
set M to 2 for all experiments in our paper.

E Qualitative Results

The Figure 9 above the dotted line shows some detection
results from ILD on VOC 2007 test set and COCO 2014/2017
val set. From these qualitative results, we observe that ILD
detects the whole object region even though some instances
are occluded and dense, e.g., there are bottles on a diningtable
and people sitting around it as shown in the Ist row of
Figure 9. Moreover, we also visualize some failure cases with
incorrect categories as shown in the third row of Figure 9.
The main reason is that these object regions with incorrectly
identified categories by VLM are regarded as pseudo ground-
truth boxes during AL initialization. We will focus on solving
this problem in the future. Meanwhile, we also show some
cases of pseudo ground-truth boxes obtained by our ILD
as shown in Figure 9 below the dotted line. These pseudo
ground-truth boxes containing the complete object region or
most of the object region are regarded as the foundation
of active learning. For example, benefiting from the well-
designed multi-step reasoning process and box fusion strategy,
despite the presence of multiple same-class objects in the
image or a tiny sheep on the hillside, our method captures
each sheep without missed objects. Additionally, we also list
that the pottedplant and boat tend to some failure pseudo
ground-truth boxes as shown in the last row of Figure 9.
The pottedplant exhibits significant visual similarity to the
background, resulting in missing objects within the MiniGPT-
v2. Meanwhile, weakly supervised detectors achieve a low
AP(24.3%) in pottedplant category reported in [13], high-
lighting the discriminative region(i.e. flowerpot). In addition,
the background contains textured regions resembling boats,
which may lead WSOD to misclassify these regions as boats
and generate erroneous pseudo-ground truth boxes. Under
these conditions, our box fusion strategy struggles to capture
complete and accurate pottedplants and boats, resulting in low-
quality pseudo ground-truth boxes. We will further optimize
our box fusion strategy in the future to make it more robust
to various types of objects in various scenarios.

V. CONCLUSION

In this paper, we propose an Image-Level labels Driven
active learning method for object detection (ILD). During
AL initialization, the multi-step reasoning process based on
CoT, including a class-number-aware step and an iterative
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step, is proposed to enhance the detection ability of VLM,
and we regard detection results of the weakly supervised
detector and VLM as pseudo ground-truth boxes to ini-
tialize a fully supervised detector. Based on the paradigm,
the initialization process in ILD eliminates the requirement
for instance-level labels. Moreover, we design uncertainty
and diversity acquisition functions based on collaborative
outputs from both the weakly supervised detector and the
pre-trained fully supervised detector. The collaborative mech-
anism prevents the reliance on a single pre-trained fully
supervised detector to enhance the localization quality of
the pre-trained detector. Finally, quantitative and qualita-
tive experimental results demonstrate the effectiveness of
our ILD.

In the future, we will utilize uncertainty and diversity
acquisition functions to adapt to a semi-supervised detector.
The two functions will select images with high-quality pseudo
instance-level labels. At the same time, it will mine the most
informative images with ground-truth instance-level labels.
Together, these two sets of images will be used to further
refine the fully supervised detector initialized by ILD.

Limitations. ILD relies on high-quality pseudo ground-truth
boxes to initialize the fully supervised detector. Once encoun-
tering rare objects or datasets with distribution differences(e.g.,
fire, platypus, cartoon) that VLMs have never known before,
ILD still has the potential ability to localize the object by
using prompt engineering such as [detection] It with a tail
like a withered leaf, but it may detect multiple parts of same
object.
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