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Abstract

Compared to fully supervised object detection, training with
sparse annotations typically leads to a decline in performance
due to insufficient feature diversity. Existing sparsely anno-
tated object detection (SAOD) methods often rely on pseudo-
labeling strategies, but these pseudo-labels tend to introduce
noise under extreme sparsity. To simultaneously avoid the
impact of pseudo-label noise and enhance feature diversity,
we propose a novel Adaptive Feature Generation (AdaptFG)
model that generates features based on class names. This
model integrates a pre-trained CLIP into a VAE-based fea-
ture generator, with its core innovation being an Adaptor that
adaptively maps CLIP semantic embeddings to the object
detector domain. Additionally, we introduce inter-class re-
lationship reasoning in detector, which effectively mitigates
misclassifications stemming from similar features. Extensive
experimental results demonstrate that AdaptFG consistently
outperforms state-of-the-art SAOD methods on the PASCAL
VOC and MS COCO benchmarks.

Code — https://github.com/YAOSL98/AdaptFG

Introduction

In contrast to traditional object detection approaches (Lin
et al. 2017; Ren et al. 2015; Tan, Pang, and Le 2020;
Wang, Bochkovskiy, and Liao 2023), which generally re-
quire a substantial number of labeled instances for each
class to achieve high performance, sparsely annotated ob-
ject detection (SAOD) offers a remedy that makes a detector
learn with a limited number of labeled samples. Researching
SAOD is particularly significant because acquiring fully an-
notated samples in practical applications is not only costly
but also labor-intensive. However, training such a detector
becomes challenging, as limited class labels and bounding
boxes hinder the network from acquiring sufficient target
features for training, as shown in Figurel(a).

To address this challenge, several seminal works, such
as Unbiased Teacher (Niitani et al. 2019) and Co-
mining (Wang et al. 2021), typically employ pseudo-
labeling to explore objects misclassified as background.
However, the generated pseudo-labels often plagued by sub-
stantial noise, evident from the red corsses in Figurel(b).

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Comparison of the pseudo-label method with
our approach. (a) Three figures exhibit typical examples of
sparsely annotated data, in which only a few objects are la-
beled. (b) The pseudo-label method mines more proposals
as foreground, but it is prone to producing incorrect pre-
dictions under extreme sparsity. (c) Our pseudo-label free
method innovatively integrates a CLIP-infused VAE and an
Adapter, alongside leveraging target feature correlations, to
address the challenges posed by limited annotations. (d) AP
performance on COCO under different sparsity levels. The
horizontal axis represents the sparsity, i.e., the percentage
of annotations removed. Our method demonstrates greater
robustness compared to other methods, with performance
close to that of the fully annotated scenario (Oracle).

Figure 1 demonstrates a 70% reduction in the number of la-
bels (indicating increased sparsity along the horizontal axis)
significantly degrades performance, underscoring the unre-
solved issue of sparsity sensitivity.

The sparsity sensitivity primarily arises from the de-
tector’s exclusive dependence on the visual information
throughout the learning phase. Firstly, the scarcity of la-
beled data inherently restricts the diversity of features, in-
adequately fulfilling the detector’s learning prerequisites.
While pseudo-labeling techniques can augment the number
of foreground proposals, enhancing feature diversity, they



inherently risk introducing noise in scenarios of extreme
sparsity. Secondly, the detector’s exclusive reliance on vi-
sual information overlooks the potential benefits of leverag-
ing inter-class relationships. For example, if inter-class rela-
tionships reveal that ‘sheep’ and ‘cow’ share similarities, yet
they belong to distinct categories, this prior knowledge can
significantly enhance the learning process for sparsely anno-
tated ‘sheep’ examples. By leveraging this information, we
can effectively minimize misclassifications of sparsely an-
notated features, ensuring more accurate recognition. There-
fore, a critical question arises: can we utilize a genera-
tor to adaptively synthesize diverse features within the fea-
ture space of annotated proposals while incorporating inter-
class relationship reasoning?

To address this issue, we propose a pseudo-label free
method, namely Adaptive Feature Generation (AdaptFG),
for sparsely annotated object detection, as shown in Fig-
ure 1(c). Through our feature adaptation process, it facil-
itates the generation of diverse features, aligns them with
the corresponding real features of the detector in the fea-
ture space, and participates in detector training and feature
reasoning. Specifically, AdaptFG utilizes a CLIP-integrated
Variational Autoencoder (VAE) framework to generate vi-
sual features tailored to any given class names. Moreover,
we design an adaptor to harmoniously align these synthetic
features with the Region of Interest (Rol) feature space from
labeled instances. Additionally, recognizing the significance
of inter-class relationships within these synthetic features,
we integrate class-relation reasoning to bolster the precision
of classification predictions. Extensive experiments on MS
COCO (Lin et al. 2014) and PASCAL VOC (Everingham
et al. 2015) validate the effectiveness of AdaptFG.

Our main contributions can be summarized as follows:

* Our work is the first to address SAOD via a feature gener-
ation model that incorporates a novel CLIP-infused VAE
Generator and an Rol Feature Adaptor, significantly aug-
menting feature diversity and enhances overall perfor-
mance via a pseudo-label free fashion.

* We propose a class-relation reasoning module, inferring
inter-class relationships as prior to mitigate the label-
scarce challenge in SAOD.

e Our AdaptFG approach demonstrates substantial en-
hancements over the baseline, and consistently achieves
state-of-the-art performance across two benchmarks.

Related Work

Sparsely Annotated Object Detection (SAOD) aims to
train detectors in more realistic scenarios where each train-
ing image may contain unlabeled instances. One of the pio-
neering works, (Wu et al. 2018) suggests a re-weighting ap-
proach that down-weights negative samples based on their
Intersection over Union (IoU) with existing labels to miti-
gate the impact of incorrect annotations. (Niitani et al. 2019)
introduces part-aware sampling and a pseudo-label-guided
sampling strategy to improve detection performance. An-
other approach, (Yoon, Hong, and Choi 2021) proposes a
semi-supervised learning framework that leverages track-
ing algorithms to generate pseudo-labels for unlabeled data,
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thereby enhancing object detection performance. In a sim-
ilar vein, (Zhang et al. 2020) introduces a background re-
calibration loss strategy for single-stage detectors, which
treats unlabeled regions as easy positives to avoid generating
large error signals. Co-mining (Wang et al. 2021) employs a
Siamese network to predict pseudo-label sets for each other,
while SparseDet (Suri et al. 2023) utilizes a dual-stream
network for self-supervised learning for unlabeled regions.
However, when annotations are highly sparse, these opera-
tions on pseudo-labels or background regions result in sub-
stantial noise, complicating the learning process.

Feature Generation has become a commonly employed
technique for various low-shot learning tasks (Xu and Le
2022; Guirguis et al. 2023; Xu, Le, and Samaras 2023; Zhu
et al. 2021), with the overarching aim of generating diverse
and reliable features. (Xu and Le 2022) proposes generat-
ing representative samples using a variational autoencoder
(VAE) model conditioned on the semantic embedding of
each class. (Zhang and Wang 2021) suggests increasing data
variance for novel classes by transferring shared within-class
variation from base classes. (Guirguis et al. 2023) leverages
the statistics of Rol features from the base model to create
base instance-level features without accessing base images.
Norm-VAE (Xu, Le, and Samaras 2023) develops the first
CLIP-based VAE model, capable of generating features with
increased diversity related to cropping. (Tang et al. 2024)
aligns the virtual image features from CLIP with textual
features and trains a conditional generative model to pro-
duce new class features, resulting in improved classification
performance. However, none of these works explore or pro-
vide a general solution for addressing synthetic feature shifts
in downstream tasks. Moreover, feature generation methods
have yet to be explored in the context of SAOD. Therefore,
we propose a novel VAE-based adaptive feature generation
method for SAOD, incorporating relational reasoning to en-
sure that synthetic features are more effectively aligned with
the target distribution.

Approach

Overview. Figure 2 summarizes the overall scheme of the
proposed AdaptFG. The left column details the process start-
ing with training a CLIP-infused VAE feature generator to
produce synthetic features, followed by training an Adaptor
to map these features into the detector space. The right col-
umn presents the generation of class-balanced synthetic fea-
tures using the trained VAE generator and Adaptor based on
class names c, integrated into the detector’s training with real
Rol features, and enhanced by prototypical metric learning
and class-relation reasoning to optimize feature representa-
tions. Additionally, we employ a pseudo-label free baseline,
namely SparseDet (Suri et al. 2023), for discovering unla-
beled regions, where proposals generated by the RPN with
objectness scores exceeding a threshold 7,5, and an IoU be-
low 74 relative to any ground truth are identified as unla-
beled regions. A self-supervised constraint is then applied
using Lggy, to ensure that the high-confidence proposals ex-
tracted by the detector for both the original and augmented
images are similar.



Adaptive Feature Generation
VAE Generator

Feature Augmentation for SAOD

Class-relation Reawning

| > Liecont I Adaptor Adaptor
- o 3~N(0,1) » - _, /\ /J
v >z | > D> v c > % i L ;i
VAE Encoder ' VAE Decoder Leons VAE
Lyia 4 Decoder Vroi bank Lyyrot
i 0y O
[ o~ Oog Lcls
VAE Decoder r ~0o
+ P1 = /e
2wl e —> —> o=
o ]+ 22t L TS
- . N 1) o abele 2
z~N(0,1)—»| MLP Coon = B §" £ , PratotypualMetric E
o 2 — .
r +‘~Pk =R & L % Learning
. . f) —> i L = > e LSSL
[“dog” “person” . “bicycle”] ¥ Fine-tuning parameters P -
Frozen parameters unlabeled

Figure 2: Overview of our AdaptFG for sparsely annotated object detection. Left: VAE generator and Adaptor are trained on
the pre-trained CLIP to map features into the detector space. Right: Class-balanced synthetic features v,.,; bank is generated
through class names ¢, and the output from the class-relation reasoning module is integrated with the classification layer outputs

from the detector head.

Adaptive Feature Generation

Since a pre-trained CLIP (Radford et al. 2021) has aligned
visual and semantic embeddings in a latent space, it can be
used to guide feature generation in low-shot learning tasks
effectively. However, this unmodified guidance overlooks
the feature representation in the target domain, leading to
significant distribution shifts between real and synthetic fea-
tures. To address this, we design a VAE Generator and an
Adaptor, enabling the CLIP semantic embeddings to better
adapt to the feature distributions of the detector.

CLIP-infused VAE Generator First of all, we employ
the labeled samples for learning a CLIP-infused VAE Gen-
erator. As shown on the left of Fig. 2, the VAE Generator
Gen(-) consists of a CLIP image encoder Z(-), a VAE en-
coder Enc(-) and a VAE decoder Dec(-,-). To eliminate
background interference and obtain accurate region for each
instance (z,y) € D, where D denotes the labeled training
set, we crop n object instances from each image x, based
on their ground-truth annotations y = {(b;,¢;)}7, with
b; representing the bounding box annotation and ¢; € C
representing the ground-truth class label, instead of training
with the whole images. The resulting objects are denoted
with & = {(#;,¢;)},, and the following omits the index
1 for simplicity. For each object instance &, we first derive
its visual feature v = Z(&) from the CLIP image encoder.
Afterward, Enc(v) encodes the CLIP visual feature v into
a latent code z, and Dec(z, ¢) then reconstructs v using the
latent code z and the corresponding class name c.
Furthermore, we plug the CLIP text encoder 7 (-) into the
VAE decoder, so as to obtain the feature ©. As it is im-
practical to fine-tune the parameters in the CLIP text en-
coder, the challenge becomes how to minimize the recon-
struction loss between v and ©. Drawing inspiration from
recent work (Zhou et al. 2022; Wang et al. 2023), we con-
struct learnable prompts conditioned on the latent code z, to
achieve the aim of adjusting the feature ¢ achieved by the
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CLIP text encoder. Specifically, given the latent code z, we
generate a local bias r by r = h(z), where h(-) is a fully-
connected layer projecting z into the class token embedding
space. Next, we add r to the prompts as follows

p(z) = Pk F T, (D

where {p;,i = 1,2,...,k} is a set of learnable prompts
which are randomly initialized. Then, we extract the class
token embedding e, according to the class name c and con-
catenate it behind the prompts p(z), resulting in the final
prompt description ¢ = {p(z), e.}. Finally, we obtain the
© = T(t), where T (-) is the fixed CLIP text encoder. At
last, the loss function of optimizing Generator is written by

Evae = Erccon + Lkld
= E[—log Dec(z, ¢)] + KL(Enc(v)]|p(zc)),

where L, ccon 1S reconstruction loss, Ly;4 represents the
Kullback-Leibler divergence, and p(z|c) is a prior distribu-
tion that is assumed to be N(0,1).

Rol Feature Adaptor After CLIP-infused VAE genera-
tor, we further synthesize Rol features suitable for the ob-
ject detector. To make it, we build an Adaptor Adt(-) fol-
lowing VAE generator. The Adaptor contains a three-layer
MLP, aiming to embed the feature v into the Rol feature
space by o = Adt(v), where ¢ denotes the final synthetic
feature. Note that, it is feasible to gain the real Rol feature
Vro; Via feeding each object instance into the trained detector
® pet(-). Therefore, we optimize a feature consistency loss
between the synthetic and real Rol features via

[pl + T, P2 + r,..

2

arg min Econs = MSE(T], Uroi)u (3)

Adt
where MSE estimates the mean square error.
VAE generator and Adaptor can be optimized jointly, so
the total loss cost is formulated by

['total = »Cvae + Econs~
Adt(-)

arg min

Enc(-),h,{p: ?:17

“4)



Feature Augmentation for SAOD

Upon completing the training of the CLIP-infused VAE
Generator and Adaptor, the fixed VAE decoder and Adaptor
generate synthetic features for the learning and optimization
of the SAOD detector.

Sythetic Feature Integration Generating additional syn-
thetic features is essential to alleviate the feature scarcity
during SAOD.

Given a class name ¢ and a noise z ~ N(0, 1) sampled
from the prior distribution, the VAE decoder Dec(c, z) and
Adaptor Adt(-) are sequentially utilized to generate a new
Rol feature which is denoted by

Upo; = Adt(Dec(c, 2)). 5)

When varying the noise z, each class can produce a num-
ber of different Rol features. The resulting set of class-
balanced synthetic features v,,; bank is then merged with
the set of real Rol features v,.,;, to continue training the de-
tector @ pe¢(+). Apart from the real Rol features, it is nec-
essary to calculate a classification loss for the synthetic fea-
tures. Hence, we rewrite the loss L5 during training with

»Ccls - - Z C- U((bcls(vroi)) - Z C- U((bcls('ﬁroi)% (6)
where o is Softmax function.

Prototypical Metric Learning The standard classifica-
tion loss in object detector exhibits limitations in enhancing
inter-class separability due to sparsely annotations, as pro-
posed in (Wen et al. 2016). A natural approach to increasing
the inter-class feature distance and clustering samples of the
same classes is to introduce prototypical metric learning. For
labeled proposals, a prototype vector p’ is maintained for
each class ¢ € C. Let v¢ ; represent either v{ ; or v¢,; for
an object of class c. The prototypical distance loss Lpot0 is
defined as follows

c
[fproto = ZE(Vioiapi% (7)
=0
where the function £(v¢,,, p') is given by
e iy Dist(vS,;,p') i=c
vroi ') = { max{0, e — Dist(v,;,p')} otherwise.
®)

Here, Dist(-,-) represents the distance which calculates
the pairwise distances between feature vectors. The mar-
gin e defines how close similar items should be compared
to dissimilar ones. To establish the set of class prototypes
P = p° p', ..., p¢ for our feature generation method, we
compute the mean of the feature vectors corresponding to
each class, including both real Rol features v,,; and syn-
thetic features v,.,;. These prototypes are designed to evolve
gradually as the associated feature vectors change during
training. The prototypical distance loss calculation is de-
ferred until a burn-in period of Ipg;y, iterations is completed,
allowing feature embeddings to stabilize and accurately en-
code class-specific information. Additionally, every I, it-
erations, a new set of prototypes P, is derived. The cur-
rent prototypes P are then updated by combining them with
Prew using a momentum parameter 7
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P= 777) + (1 - n)Pnew~ (9)

This gradual updating of class prototypes ensures that
they retain historical context while adapting to new features.

Class-relation Reasoning After generating the synthetic
feature bank v,.,; for each class c using the VAE Generator
and Adaptor, guidance on category relationships is missing.
To address this, we compute the class centers of the ¥y;
to obtain a set of class feature embeddings 7. To further
enhance inter-class relational reasoning, we construct the
relation graph using self-attention mechanisms inspired by
transformers (Vaswani et al. 2017). Concretely, we project
7 into graph node representations V¢, V,, V), by three lin-
ear layers, respectively. The self-attention matrix Ai}};e’” is
calculated by a matrix multiplications as

AT = o(V x V), (10)
where o represents the Softmax function. Consequently, we
obtain the augmented class feature embeddings T by

T = Apter x VT (11)

Then the v,,; serves as the input feature, the augmented
class feature embedding T provides the associative infor-
mation, and the adjacency matrix R € RC*C of T acts as

the relational weight. The relational reasoning function (-)
is defined by

W(T Vrois B) = 0(T'T X vyoi) X R. (12)
Then the training loss L is rewrited as
Los = — Z C- U(q)cls (Uroi) + ?b(T, Vrois R)) (13)

— Z c- U((I)cls (177-01') + 1/)(T, Vrois R))

Collaborative Training

Collaborative training dynamically adjusts the training of
the Adaptor and SAOD detector, progressively introducing
synthetic features, updating class prototypes, and perform-
ing class-relation reasoning to better capture and adapt to the
evolving feature representations. During the detector train-
ing process, the iterations are denoted as Iter. In the initial
burn-in phase, which lasts until iteration Ilpeg:r, the detec-
tor’s classifier @5 (-) is trained using the standard classifica-
tionloss Los = — Y ¢ 0(Des(vr0;)) to ensure the stability
of the initial feature embeddings and the accurate encoding
of class information.

Once the burn-in phase is complete, every I, iteration,
Rol features v,.,; are extracted from the detector ® pes(-).
The VAE encoder Enc(-), VAE decoder Dec(-, -) and Adap-
tor Adt(-) are then trained according to the total loss func-
tion specified in Eq.(4). Synthetic features v,.,; are gener-
ated by inputting class name ¢ and noise z into Dec(-, -) and
Adt(-), as described in Eq.(5). Simultaneously, class proto-
types P are computed or updated using Eq.(9) to capture
the evolving class representations. During iterations before



Algorithm 1: Adaptive Feature Generation for SAOD

Input: labeled training set D, object instances Z, class name
ceC, Ibegin = Iper

Parameter: SAOD detector ® .+ (), VAE encoder Enc(-),
VAE decoder Dec(-,-), Adaptor Adt(-), and Class-relation
reasoning (")

Output: The trained @ ps(+)

1: while Iter > 0 do

2. if Iter < Ipeqin then
3: Dpet(r) « Train Pys(-) by Logs = =D c -
U((I)cls (Uroi))
4:  else
5: if Iter%I,., = O then
6: Extract Rol features v,.,; from @ p¢(-)
7: Train Enc(-), Dec(-,-) and Adt(-) by Eq.(4)
8: Uro; < Input ¢ and z into Dec(-,-) and Adt(-)
by Eq.(5)
9: Compute or update prototypes P by Eq.(9)
10: else
11: Prototypical metric learning by Eqs. (7-8)
12: end if
13: (+) + Class-relation reasoning by Egs. (10-12)
14: D pet(+) « Train P5(+) by Eq.(13)
15:  endif

16: end while
17: return @ pe.(+)

reaching the next I,.,., the model performs prototypical met-
ric learning by Eqs.(7-8) to further refine the feature space.

For iterations where Iter > Iyegin (With Tpegin setto Iye,
for convenience), the model engages in class-relation rea-
soning as outlined in Eqgs. (10-12), and updates the classi-
fier ®.;5() using the modified classification loss in Eq.(13).
This iterative process continues until the maximum num-
ber of iterations is reached, after which the trained detector
® pet(+) is returned. Algorithm 1 details the pseudo-code for
AdaptFG.

Experimental Results
Data and Metrics

We conduct experiments on the COCO (Lin et al. 2014)
and PASCAL-VOC (2007+2012) (Everingham et al. 2015)
datasets. For COCO, we use the standard COCO-style Av-
erage Precision (AP), and for PASCAL-VOC, we use the
AP50 metric (AP at IoU=0.5). Following prior work (Suri
et al. 2023; Yang, Liang, and Carin 2020; Wang et al. 2021;
Zhang et al. 2020; Bourdev and Brandt 2005), we evaluate
our method with five data splits: the first three from COCO
and the last two from PASCAL.

Split-1: randomly deletes p% of annotations for each
class c in the training set, with p values of {30, 50, 70}.

Split-2: for each class ¢, images containing c are selected.
All annotations of class c¢ are deleted with a probability of
p%, where p is {30, 50, 70}, ensuring each image has at
least one annotation.
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Split-3: on the COCO train set, removes p% of annota-
tions from each image in a class-agnostic manner, retaining
at least one annotation per image. p values are {30, 50, 70}.

Split-4: evaluates models on the PASCAL-VOC 2007+12
trainval set under three settings (easy, hard, extreme). ‘Easy’
removes one random annotation per image, ‘hard’ removes
half, and ‘extreme’ retains only one annotation per image.
Results are reported on the PASCAL-VOC 2007 test set.

Split-5: uses the PASCAL-VOC 2007 dataset and re-
moves p% of annotations per class, with p values of {30,
40, 50}. Randomly selected categories are fully annotated,
while others have no annotations. This split ensures at least
one annotation per image.

Implementation Details

For all experiments, we utilize a Faster R-CNN (Ren et al.
2015) architecture based on ResNet-101 (He et al. 2016).
It is implemented using the Detectron2 (Yuxin et al. 2019)
framework. Our model is trained with a batch size of 8 for
270,000 and 18,000 iterations on the COCO and PASCAL-
VOC datasets, respectively, with an initial learning rate of
0.01. The learning rate is reduced by a factor of ten twice: at
210,000 and 250,000 iterations for COCO, and at 12,000 and
15,000 iterations for PASCAL-VOC. A warmup strategy
is employed, with 1000 and 100 iterations for COCO and
PASCAL-VOC, respectively. Following (Suri et al. 2023),
we set Top; and 774 to 0.5 and 0.4. Additionally, Iyegin, Iper,
€ and 7 are set to 5000, 5000, 10, 0.9. All experiments are
conducted on a NVIDIA A800-SXM4-80GB GPU.

Comparison with State-of-the-arts

In this section, we compare our approach with state-of-the-
art methods. All methods are evaluated using Faster R-CNN
with a ResNet-101 backbone to ensure a fair comparison.
SparseDet, which exhibits the best performance among cur-
rent methods, serves as the baseline for our experiments. The
‘Oracle’ results reflect the performance achieved with full
annotations, providing a theoretical upper bound.

Results on COCO Table 1 presents the AP performance
on COCO Splits 1, 2, and 3. Our method outperforms all
other methods across all metrics. Notably, in the 70% spar-
sity setting for each split, our method shows substantial ad-
vantages, emphasizing the effectiveness of augmenting vi-
sual information with feature generation. For example, in
the 70% sparsity setting of Split 1, our method surpasses
SparseDet by 3.9%. Although the improvements are less
pronounced at 30% sparsity, our method still achieves re-
sults close to the oracle level, reflecting robust performance
even with significant annotation sparsity.

Results on Pascal VOC Table 2 presents the AP50 re-
sults for our method on PASCAL VOC Splits 4 and 5. Con-
sistent with the performance trend on COCO, we surpass
SparseDet across all settings, with particularly pronounced
advantages in high levels of sparsity. Specifically, when la-
bel sparsity is Extreme or 50%, our method achieves per-
formance improvements of 3.1% and 2.8% over SparseDet,
further demonstrating its effectiveness.



Split-1

Split-2 Split-3

Method Pub'Year | 350 "S00, 70% | 30% 50% 70% | 30% 50% 70% | 100%
Oracle - 41.6
Pseudo Label (Niitani et al. 2019) CVPR’19 - 27.5 - - - - - - - -
BRL (Zhang et al. 2020) ICASSP'20 | - 327 - | - - - | - o . ]
Unbiased Teacher (Liu et al. 2021) | ArXiv'2l | 32.0 311 279|364 329 314|360 321 301| -
Co-mining (Wang et al. 2021) AAAI2] | 363 328 249|367 330 248|368 325 249 | -
SparseDet (Suri ot al. 2023) ICCV'23 |385 360 325|395 365 351|398 374 364 | -
AdaptFG (Ours) AAAI2S | 412 385 364 | 412 38.6 37.3 | 411 398 382 | -

Table 1: Comparison with recent SAOD methods on three splits of COCO dataset. ‘Oracle’ corresponds to training models

using full annotations.

Sphit4 Split3
Method Easy Hard Extreme|30% 40% 50%
Oracle 83.2 77.6

BRL 7350 717 662 | - - -
Co-mining 796 784 69.6 |744 733 69.9
SparseDet 81.6 809 750 |76.4 753 73.6
AdaptFG (Ours) 82.9 825 78.1 |77.2 77.0 76.4

Table 2: Comparison with recent SAOD methods on two
splits of PASCAL-VOC dataset.

Components Split-4

PL FI CR Adp | Easy Hard Extreme
SparseDet 81.6 80.9 75.0

4 81.8 81.2 75.7

v 7/ 82.1 815 76.3

/7 v | 824 828 77.2

v v 7/ 823 817 76.8
Ours v v v v/ |89 825 78.1

Table 3: Ablative performance on Split-4 by gradually ap-
plying the proposed components to the baseline SparseDet.
PL: Prototypical Metric Learning. FI: Synthetic Feature In-
tegration. CR: Class-relation Reasoning. Adp: Adaptor.

Ablation Study

We conduct ablation studies to validate our key compo-
nents tailored specifically for AdaptFG, including the CLIP-
infused VAE generator, Rol Feature Adaptor, prototypical
metric learning and class-relation reasoning.

Effectiveness of key components Table 3 presents an ab-
lation study on the SparseDet baseline’s performance (mea-
sured by AP50) on the Split-4 dataset across three difficulty
levels: Easy, Hard, and Extreme. Starting with the SparseDet
baseline, adding prototypical metric learning (PL) improves
performance across all levels, setting a new state-of-the-
art. Incorporating synthetic feature integration (FI) further
boosts results, especially at the Extreme level (AP50 rises
from 75.0 to 76.3). The Adaptor (Adp) combined with PL
and FI leads to substantial gains, particularly in Hard and
Extreme cases (AP50 increases to 82.8 and 77.2). Class-
relation reasoning (CR) also improves performance, but the
full model (Ours) with all components achieves the highest
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Split-4 20 50 100 200 300
Easy 81.9 823 829 826 827
Hard 815 822 82,5 823 821
Extreme | 76.5 773 1781 778 77.6

Table 4: Impact of the number of the synthetic features.

Novel Split 1 Novel Split 3
Method 1 2 3 ) > 3
Efficient-FSOD | 56.5 59.6 62.0 | 50.8 56.2 56.5
Ours 623 650 66.8|585 60.7 62.7

Table 5: Performance improvement in Few-Shot Object De-
tection (FSOD). Using Efficient-FSOD (Yang et al. 2022) as
the baseline.

AP50 scores—82.9, 82.5, and 78.1 for Easy, Hard, and Ex-
treme levels, respectively. This demonstrates the synergistic
effect of all components, with the Adaptor playing a key role
in enhancing detection across different difficulty levels.

Number of synthetic feature samples Table 4 shows the
impact of varying the number of synthetic feature samples
on AP50 across three difficulty levels (Easy, Hard, Extreme)
in the Split-4 dataset. Performance consistently improves as
samples increase from 20 to 100, with peak AP50 scores
of 82.9, 82.5, and 78.1, respectively. Beyond 100 samples,
the performance plateaus or slightly decreases, suggesting
diminishing returns with additional samples.

Generalization on Few-shot Setting

We can view few-shot object detection (FSOD) task as a
manifestation of SAOD under extremely sparse conditions.
Tab. 5 presents the improvements achieved by our method in
FSOD across various shots and data splits on the PASCAL
VOC dataset, with settings indicating 1, 2, or 3 annotated in-
stances per class. Using Efficient-FSOD (Yang et al. 2022)
as the baseline, our approach consistently outperforms the
baseline, with particularly significant gains observed in the
1-shot scenario. Specifically, performance increases of 5.8%
and 7.7% are noted across the two data splits. This sub-
stantial enhancement underscores the effectiveness of our
method in leveraging minimal annotated instances.
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real (the dots) Rol features on Split-4 across different training iterations.
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Figure 4: Correlation of the class feature embeddings before
and after the class-relation reasoning between classes.

Qualitative Results

Figure 3 illustrates feature distributions on Split-4 using #-
SNE (Van der Maaten and Hinton 2008), showing how syn-
thetic features v,,; align with real features v..,; across it-
erations. In plot (a), where synthetic features are generated
without the Adaptor, there is a noticeable distribution shift
from real features. However, as shown in plots (b), (c), and
(d) for 5000, 10000, and 15000 iterations respectively, the
alignment improves progressively, highlighting the Adap-
tor’s effectiveness in minimizing distribution shifts.

Figure 4 illustrates changes in inter-class relationships
before and after class-relation reasoning and reveals how
reasoning influences inter-class similarity. We analyzed
five less-annotated categories from Pascal VOC (cow, bus,
sheep, sofa, dining table) against the other fifteen cate-
gories. Before reasoning (plot (a)), category similarities
were influenced by data distribution, causing blurred bound-
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wigis

Figure 5: +-SNE visualization of clustering for five classes.
(a) Shows initial clustering with some overlap. (b) Displays
improved clustering with tighter, more distinct classes.

aries. After reasoning (plot (b)), semantic information clari-
fied these boundaries, reducing overall similarity and mis-
classification risk. The difference matrix (plot (c)) shows
that reasoning had a smaller impact on already similar cate-
gories and a more significant effect on less similar ones.

Prototypical metric learning significantly improves fea-
ture separation. Figure 5 shows the v,.,; distribution for five
classes using #-SNE. Plot (a) reveals distinguishable clus-
ters, though some confusion remains, particularly between
the brown ‘cat’ and cyan ‘dog’ clusters. After applying pro-
totypical metric learning, as seen in plot (b), clusters become
more compact, and separation improves markedly. The dis-
tinction between ‘cat’ and ‘dog’ clusters, previously prone
to confusion, is significantly enhanced. This demonstrates
how prototypical metric learning sharpens class boundaries,
improving feature separation and representations for class-
relation reasoning and classification.

Conclusion

In this work, we introduce the Adaptive Feature Generation
(AdaptFG) model, designed to simultaneously avoid the im-
pact of pseudo-label noise and enhance feature diversity in
SAQOD. Our approach leverages a CLIP-infused VAE Gen-
erator and an Adaptor to align the distribution shift between
synthetic and real Rol features. Additionally, by incorporat-
ing inter-class relationship reasoning, we further enhance
the detector’s performance. Experimental results demon-
strate that AdaptFG significantly improves SAOD perfor-
mance on both the PASCAL VOC and COCO benchmarks.
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