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Abstract

Training large neural networks on large-scale
datasets requires substantial computational re-
sources, particularly for dense prediction tasks
such as object detection. Although dataset distil-
lation (DD) has been proposed to alleviate these
demands by synthesizing compact datasets from
larger ones, most existing work focuses solely
on image classification, leaving the more com-
plex detection setting largely unexplored. In this
paper, we introduce OD3, a novel optimization-
free data distillation framework specifically de-
signed for object detection. Our approach in-
volves two stages: first, a candidate selection
process in which object instances are iteratively
placed in synthesized images based on their suit-
able locations, and second, a candidate screening
process using a pre-trained observer model to re-
move low-confidence objects. We perform our
data synthesis framework on MS COCO and PAS-
CAL VOC, two popular detection datasets, with
compression ratios ranging from 0.25% to 5%.
Compared to the prior solely existing dataset dis-
tillation method on detection and conventional
core set selection methods, OD3 delivers superior
accuracy, establishes new state-of-the-art results,
surpassing prior best method by more than 14%
on COCO mAPs5 at a compression ratio of 1.0%.
The code is in the supplementary material.

1. Introduction

Deep neural networks have achieved remarkable perfor-
mance across a wide range of computer vision tasks (He
et al., 2016; Ren, 2015; Dosovitskiy, 2020; Kirillov
et al., 2023), but training these models generally requires
substantial computational and data resources. Conven-
tional strategies often involve collecting increasingly large
datasets (Deng et al., 2009) and training ever larger net-
works (Dehghani et al., 2023) to capture data complex-
ity. This paradigm is particularly evident in object detec-
tion (Shao et al., 2019), where the need for rich annota-
tions, such as bounding boxes or even instance masks, can
greatly increase dataset sizes and labeling overhead. As a
result, there is a growing interest in techniques that enable

30
K-Center
< Random
25 '
= DCOD (NeurlPS'24)
o
g 0OD3 (Ours)
~ 20
f
2 10.4%
‘S Our smallest dataset
g 15 ‘| 7.4% surpasses all SoTA
v &
o
S 10l |s.6%
g o 0
<<
5
o 5
=
06.25% 05% 1%

Dataset Compression Ratio (IPD)

Figure 1. Performance of OD> and other methods on COCO
dataset. This illustration compares the mAP performance of our
oD? method with others on COCO with different compression
ratios (IPDs), with an upper bound of 39.8% on the full dataset.

the creation of smaller, more manageable datasets capa-
ble of approximating the performance achieved by train-
ing on the original data. One promising direction in this
area is dataset distillation (DD), which aims to synthesize
condensed datasets that are significantly smaller yet still
effective for training.

The majority of DD approaches have focused on image clas-
sification, where each image contains an object or a domi-
nant label. This narrow scope overlooks the complexity and
diversity of more demanding tasks, specifically object detec-
tion. In contrast to classification, object detection requires
localizing and identifying multiple instances of potentially
different classes in a single image. This jump in task com-
plexity involves learning a mapping from image to label
and predicting bounding boxes and class labels for multiple
regions within the same image. Consequently, methods that
successfully distill datasets for classification often struggle
to adapt to the richer problem space of detection.

Another critical distinction lies in the type of supervision
and evaluation metrics used in object detection tasks. While
classification tasks use labels that can be applied at the im-
age level, detection tasks rely on spatial annotations that
align individual objects to bounding boxes, complete with
class labels. This requirement introduces additional chal-
lenges when creating distilled datasets, as both the geometry
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Figure 2.lllustration of the O framework. In initial stage-, each objectix; 2 T is assigned a random location in the synthesized
imager; 2 S forj =1;::;IPD, and its overlap with existing candidates is checked to decide placementlfiesynthesized images

are initially constructed, a pre-trained observer model produces predictions for screening. The observer takes the canvas from the previous
cycle as input, analyzing the entire canvas, including the relationships between different objects and the speci ¢ objects present. These
factors in uence the output of candidate screeningl'he observer iteratively evaluates the current canvas to identify and remove objects

that do not meet expectations, maintaining alignment with the post-evaluation process. For nal reconstruction, the objects are inserted
using their bounding boxes inkg 2 S. Post-evaluation db is carried out by fast distilling (Shen & Xing, 2022) knowledge from the
observer model to a target network using PKD (Cao et al., 2022) loss on the respective feature pyramid networks.

(location) and identity (class) of objects must be preservedvhich discards low-con dence objects. By removing the
or effectively synthesized. Approaches that merely comneed for complex optimization procedures in constructing
press high-level category information may fail to capturethese synthetic image® provides a more streamlined
the crucial spatial relationships and visual diversity thatand adaptable approach to DD for dense prediction tasks.

de ne detection tasks. The main contributions of this work are as follows:
From a cost perspective of synthesis time, optimization- « \We propose a novel DD framework speci cally de-
free approaches of DD prioritize ef ciency and simplic- signed for object detection, nam@ds. It involves a

|ty, bypaSSing ?Omputationa”y intensive iteratiye processes. two-stage procesgandidate Se|ectiquhere masked
One example is RDED (Sun et al., 2024), which generates  gpjects are localized and selected based on minimal

synthetic classi cation datasets by directly extracting and overlap, andtandidate screeningvhere a pre-trained
combining realistic patches from original data. Using pre-  gpserver Iters unreliable candidates.

trained models, it identi es informative crops, ensuring both _ _ _
diversity and structural integrity. This strategy shows the * OD bridges a crucial gap by extending the concept of

practicality and effectiveness of optimization-free methods. ~ dataset distillation beyond the relatively well-explored
territory of image classi cation to the more challenging

domain of object detection intaaining-free scheme
Through a carefully designed process that handles both
the spatial and semantic requirements of detection, our
framework enables signi cant reductions in dataset
size without sacri cing performance signi cantly.

In light of these complexities, we propoSmptimization-
free DataseDistillation for ObjectDetection OF), a novel
framework explicitly tailored to address the unique chal-
lenges of synthesizing small, high- delity datasets for object
detection. The framework leverages instance-level labels
with scale-aware dynamic context extension (SA-DCE) to
reconstruct diverse training images guided by an observer ¢ We evaluate our framework on MS COCO with com-
model, which is grounded in two core ideas: (1) an iter-  pression ratios ranging 0.25% to 5% and on PASCAL
ative candidate selectioprocess that strategically places VOC from 0.5% to 2.0%. The results demonstrate that
object instances in synthesized images, and (Pralidate our framework effectively reduces dataset size while
screeningprocess powered by a pre-trained observer model,  maintaining model accuracy, providing an ef cient so-
lution for training object detectors.



