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ABSTRACT

Existing dataset pruning techniques primarily focus on classification tasks, limit-
ing their applicability to more complex and practical tasks like instance segmen-
tation. Instance segmentation presents three key challenges: pixel-level annota-
tions, instance area variations, and class imbalances, which significantly compli-
cate dataset pruning efforts. Directly adapting existing classification-based prun-
ing methods proves ineffective due to their reliance on time-consuming model
training process. To address this, we propose a novel Training-Free Dataset
Pruning (TFDP) method for instance segmentation. Specifically, we leverage
shape and class information from image annotations to design a Shape Complexity
Score (SCS), refining it into a Scale-Invariant (SI-SCS) and Class-Balanced (CB-
SCS) versions to address instance area variations and class imbalances, all with-
out requiring model training. We achieve state-of-the-art results on VOC 2012,
Cityscapes, and COCO datasets, generalizing well across CNN and Transformer
architectures. Remarkably, our approach accelerates the pruning process by an
average of 1349x on COCO compared to the adapted baselines. Source code is
available at: https://github.com/he-y/dataset-pruning-for-instance-segmentation.

1 INTRODUCTION

Current dataset pruning methods (Coleman et al., 2019
Toneva et al., 2019; Tan et al.,|2023)) focus on image clas-
sification tasks, while neglecting more complex and prac-
tical tasks such as instance segmentation. Classification is
relatively simple, typically dealing with images contain-
ing one primary object. In contrast, instance segmenta-
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tion faces greater challenges, handling real-world images
with multiple objects of varying classes, areas, and posi-
tions within a single image.

In this paper, we address dataset pruning for instance seg-
mentation and identify three unique challenges. 1) Pixel-
level annotations. Unlike classification tasks where each
image has a single one-hot category label, instance seg-
mentation tasks require labeling each pixel of an image,
often with multiple different category labels present in a
single image (Lin et al., 2014). 2) Variable instance ar-
eas. While images in classification tasks generally deal
with images of consistent resolution, instance segmen-
tation involves objects of varying areas within the same
image. Fig. [Zh and Appendix [B] demonstrates this diver-
sity in multiple datasets, aligning with the observations in
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Figure 1: Comparison of AP;y and
runtime for sample ranking on COCO
dataset: Our method vs. Entropy,
EL2N, and CCS at 40% and 50% prun-
ing rates. Our approach demonstrates
superior efficiency and accuracy.
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(Lin et al.} 2014)). 3) Class imbalance. In contrast to classification tasks where the image count of
each category is typically uniform, instance segmentation (as shown in Fig. 2b) inherently contains
imbalanced object counts across classes. This imbalance stems from the natural image collection
process, which often captures multiple objects of varying frequencies in real-world scenes (Oksuz
et al., [2020). Addressing these challenges is crucial for advancing instance segmentation dataset
pruning.

Additionally, existing dataset pruning methods face a BRIt N o
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To address the problems mentioned above, we propose (b) Distribution of number of instances

a novel Training-Free Dataset Pruning (TFDP) pipeline
for instance segmentation that does not require training on
any data in advance. Instance segmentation is sensitive to
boundary regions (Tang et al., [2021}; [Zhang et al.| 2021}
Liet al.,2023): early in training, predicted masks primar-
ily cover the object’s central area, while later stages refine the boundary pixels. Many studies have
focused on making models pay more attention to boundaries to enhance final performance (Cheng
et al.,|2020; Wang et al.,|2022a; Borse et al., 202 1;|Zhang et al.,|2021)). Therefore, leveraging the rich
shape information provided by pixel-level annotations of masks, we designed the Shape Complex-
ity Score (SCS), which characterizes the importance of an instance by calculating the complexity
of each mask’s boundary. Furthermore, to address the inherent scale variability arising from vary-
ing object sizes, we implemented Scale-Invariant for SCS (SI-SCS), allowing this score to fairly
represent the complexity of mask boundaries regardless of size. Additionally, to solve the prob-
lem of significant class imbalances in instance segmentation tasks (Oksuz et al.} [2020), which can
lead to noticeable class variability when simply summing instance-level scores to calculate image-
level scores. We also design the Class-Balanced for SCS (CB-SCS). Specifically, we normalize
instance importance scores within each class across images, ensuring each class contributes equally,
regardless of its instance count. This design allows us to obtain a unified metric that enables fair
comparisons across images, regardless of the number of objects. These effective designs not only
address the challenges faced in instance segmentation but also enable the superiority of our method
in both time efficiency and performance (see Fig. [I).

Figure 2: Visualization of VOC 2012
dataset to show variable instance area
(a) and class imbalance (b).

As the first work on dataset pruning in instance segmentation and to fully validate the effectiveness
of our method as illustrated in Fig. [3] we also adapt existing classification-oriented dataset pruning
methods to this task, implementing some baselines with strong performance. Specifically, instead of
calculating the importance score for each image in the classification task, we assign an importance
score for each pixel based on existing criteria. We then aggregate the scores within each object and
subsequently across objects in an image to derive an image-wise score. In our experiments, we con-
duct extensive comparisons between our implemented baselines and our model-independent TFDP,
including performance comparisons, generalizability, and time consumption, to foster a foundational
contribution to future work.

In summary, our contributions are as follows:
1) To the best of our knowledge, we are the first to introduce a training-free dataset pruning frame-
work for instance segmentation.
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2) We adapt existing classi cation-oriented methods to instance segmentation and establish strong
baselines for comparison.

3) We propose a novel model-independent importance crit&@8based on the shape information
of masks to prune samples. Additionally, we implement Scale-Invariant and Class-Balanced
versions to address the issues of scale variability and class imbalance.

4) Our method achieves the best results on mainstream instance segmentation datasets such as VOC
2012, Cityscapes, and MS COCO, without utilizing any model outputs. It also demonstrates
enhanced generalizability across various architectures (including CNN-based and Transformer-
based networks) while offering a signi cantly faster and more practical pruning process.

2 REeELATED WORK

2.1 DATASET COMPRESSION

Dataset Pruning or Coreset Selection, reduces dataset size by selecting key samples based on
speci c criteria. Herding[(Welling, 2009) and Moderate (Xia ef al., 2022) measure feature space
distances, while Entropy (Coleman et al., 2019) and Cal (Margatinal ét al., 2021) focus on uncer-
tainty. EL2N (Paul et al|, 2021) uses gradient magnitudes to quantify importance. Some methods
(Tang et al.| 2023; Okanovic etldl., 2023; Xu et [al., 2023; Dolatabadi|ét al.| 2022) improve train-
ing ef ciency via online selection. GradMatch (Killamsetty et al., 2021) and Craig (Mirzasoleiman

et al., 2020) minimize gradient differences between full and pruned datasets, while ACS (Huang
et al., 2023) accelerates quantization-aware training by selecting high-gradient samples. However,
these methods primarily focus on classi cation tasks or NLP task (Nguyen & He, 2025) and have
not explored other more complex computer vision tasks further. Additionally, they rely on models
to calculate importance scores, which is time-consuming and results in limited generalizability.

Dataset Distillation is an another direction to compress datasets, aiming to learn a synthetic dataset
that can recover the performance of the full dataset (Nguyen et al., 2021a;b; Zhou et al., 2022; Loo
et al., 2022; Zhao et al., 2021; Jiang et al., 2022; Lee et al., 2022; Loo et al., 2023; He et al., 2023,
Zhao & Bilen, 2023; Wang et al., 2022b; Zhao et al., 2023; Cazenavette et al., 2022; Du et al., 2023;
Cui et al., 2023; Liu et al., 2023; Tukan et al., 2023; Shin et al., 2023; Yin et al., 2023; Yin & Shen,
2023; Shao et al., 2024; Zhou et al., 2024; He et al., 2024; Xiao & He, 2024). However, since every
pixel requires a gradient update during the optimization process, the training cost is signi cantly
higher than dataset pruning.

2.2 INSTANCE SEGMENTATION

Instance segmentation is a signi cant and challenging task in computer vision, as it demands both
instance-level and pixel-level predictions. The existing methods can be roughly summarized into
the following categories. IJop-down methodf.i et al., 2017; He et al., 2017; Liu et al., 2018b;
Huang et al., 2019; Bolya et al., 2019; Chen et al., 2019b; 2020; Zhang et al., 2020) address the
problem by approaching it from the object detection perspeciige, rst detecting objects and

then segmenting them within the bounding boxes. Speci cally, recent approaches to (Chen et al.,
2020; Zhang et al., 2020; Xie et al., 2020) build their methods on the anchor-free object detectors
(Tian et al., 2019), showing promising performance.Baitom-up method&Newell et al., 2017;

De Brabandere et al., 2017; Liu et al., 2017; Gao et al., 2019) treat the task as label-and-cluster
issuege.g, learning pixel embeddings and clustering themDBgct methodgWang et al., 2020a;b)
directly perform instance segmentation without relying on embedding learning or box detection. 4)
Transformer-based methoddore recently, Querylnst (Fang et al., 2021) and Mask2Former (Cheng

et al., 2022) proposed decoding random queries into objects for end-to-end instance segmentation
by extending DETR (Carion et al., 2020). Instance segmentation typically requires large training
datasets, but training ef ciency in this domain remains understudied.

3 METHOD

3.1 PROBLEM DEFINITION

We rst de ne the task of dataset pruning for instance segmentation. We have a complete training
dataseD = f(x;;yi)g2, , whereD is the total number of images in the dataset. Here2 X is an



Published as a conference paper at ICLR 2025

Figure 3: Comparison of different dataset pruning pipelines. (a) Pruning classi cation dataset re-
quires model training. (b) Our adaptation of previous methods on instance segmentation by training
a segemntation head and computing the importance score for each pixel. (c) The proposed method
that is training-free and model-independent.

inputimage, ang; 2 Y represents the ground truth for instance segmentation. Unlike classi cation
tasks where the ground truth for an image corresponds to a single label (category), the ground
truth for instance segmentation assigns a label (category) to each pixel of the image through masks.
Speci cally, eachy; contains a set of labeled instances:

f(ci;j ; Mi;j )ng:il (1)

whereG; is the number of instances in image;; is the class label of the-th instance, and;;
is a binary mask that de nes the spatial pixel boundaries of the instance.

The objective of dataset pruning is to reduce the sid@ by selecting a subs& D that maintains

or maximizes the performance of a model trained on this reduced set compared to training on the
entire datasdD, thereby improving training ef ciency and reducing training time. In our approach,

we reduce the number of images (image-level) rather than instance annotations (instances-level)
since the large volume of image data primarily impacts training time and storage requirements.
While annotations for instance segmentation tasks include category labels, bounding boxes, and
segmentation masks, their storage footprint remains signi cantly smaller compared to the images
themselves. For instance, in the COCO dataset, images consume about 17 GB, whereas annotations
occupy merely 0.7 GB.

3.2 ADAPTED BASELINES FOR INSTANCE SEGMENTATION

Existing mainstream dataset pruning methods for classi cation primarily rely on model-derived log-

its for each image to calculate scores. However, for instance segmentation, each image requires the
model to compute a logit for every pixel rather than for an entire image, making these classi cation-
oriented methods unsuitable without modi cations. To ensure a fair comparison, as shown in Fig.

4, we implement some strong baselines: we adapt these above-mentioned methods to suit instance
segmentation tasks without altering their criteria for sample selection.

In the context of instance segmentation, we employ the widely-used Mask R-CNN framework as
an example, and it can be directly applied to other segmentation models in the same manner. The
mask loss in Mask R-CNN is computed using a pixel-wise binary cross-entropy loss between the
predicted masks and the ground truth masks for each class. The makl,ldes each instance is
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Figure 4: Overview of our proposed framework. We introduce the Shape Complexity See (

in which we leverage the Perimeter-to-Area ratio to represent the boundary complexity. Following
this, we apply scale normalization and intra-class normalization to address the inherent scale vari-
ability and class imbalance in instance segmentation tasks.

de ned as:

Lm = [Yap 109($ap) + (1 Yap)log(l  Yap)l; (2

i=1 j=1
whereH andW are the height and width of the Rol mask respectivgly, is the ground truth label

at pixel(a; b) (1 for object, O for background), afg., is the predicted logit of the pixel belonging to
the object. This formulation allows for pixel-level precision in predicting masks, ensuring detailed
and accurate segmentation outputs.

H

To adapt previous dataset pruning methods to instance segmentation tasks, we extend pixel-level im-
portance scoring to instance-level and image-level scoring. Our model computes per-pixel logits for
each predicted instance. We then apply established classi cation importance metrics (e.g., EL2N)
to these logits. The instance-level score is obtained by averaging the pixel scores within each in-
stance. The image's importance score is derived from the sum of its instance scores. Formally, the
importance scoré for the imagd is calcul%ted as follows:

% X
1 A

; 3

Sa;b;j
j=1 H i ab

whereG; is the number of instances in the imagél;; is the number of pixels in thigth instance

mask in image, ands,; is the importance score at pixgl; b) in thej -th instance mask. Faixel-

to-instancescore aggregation, we chomeerageo avoid area bias introduced by sum, which favors

larger instances with more pixels. Hostance-to-imagaggregation, we usgimsince images with

more instance masks contain more objects and thus more information. Related experiments can also

be found in the Appendix D.1.

3.3 TRAINING-FREE DATASET PRUNING FORINSTANCE SEGMENTATION

While effective, our adapted baselines are time-consuming and lack cross-architecture generalizabil-
ity. To overcome these issues, we propose a novel Training-Free Dataset Pruning (TFDP) method
for instance segmentation, shown in Fig. 4. The algorithm is outlined in Appendix A.

3.3.1 S4APE COMPLEXITY SCORE(SCS)

We propose thé&hapeComplexity Score SCS Fig. 4a), a novel model-independent metric that
leverages the shape information of instance masks to select challenging samples. For eagh image
in our dataset, we have a set®f instance maskM;. 1; M. 2; ::;; Mi.g , 9. The SCSis calculated

for each instance mask as follows:

1. Mask Preparation: For eachM; , we obtain a binary madR;; :
1 if (a; b) 2 Mi;j

Bij (210 = 0 otherwise

(4)
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2. Contour Extraction: We extract the set of contouly; = fTij; 1; Tij; 255 Tijz g from B
and select the primary contour:

T =arg Trr;??J( AredT) (5)
3. Perimeter Calculation: The perimeteP;; is calculated as:
. X p
Pij = PerimetefT;; ) = (ax  ak+1)?+ (b besr)? (6)
k=1

where(ay; +1 ;b4 +1) = (a1;by) to close the contour.

4. Area Calculation: The area\;; of the instance is computed as:

%;i
Aij = AredT;; ) = % (akbe+r a1 ) 7
k=1

where(ax; bx) are the coordinates of theth point in the contou;; with Hi; points.

5. Shape Complexity Score ComputationThe SCSS;; for thej -th instance in thé-th image is
de ned as:
Pij .

Sij = Ay

(8)

This perimeter-to-area ratio increases with the boundary intricacy of the instance's shape, providing
a measure of its complexity. To the best of our knowledge 388is the rst model-independent

metric in the dataset pruning area that leverages the shape information of instances' masks to select
challenging samples. This approach effectively alleviates the issue of limited generalizability caused
by biases in selection based on speci ¢ model predictions and signi cantly reduces computational
overhead.

3.3.2 S ALE-INVARIANT SCS (SI-SCS)

The ShapeComplexity Score SC9 exhibits a clear bias towards scale, which substantially impacts
instance segmentation tasks, as shown in Fig. 2a. Speci cally, smaller-scale instance masks receive
higher scores, even when their boundaries are the same. To address this, we projSoséethe
InvariantSCS(SI-SCS Fig. 4b) .

For a polygon with perimete?;; and area\;; , scaling by factof results in:
Py _ fPi _ Py
Ai(;)j f ZAi;j fA ij

9)

This decreases with increasing scale, biasing towards smaller instances.

To solve this, we normalizBCSusing a circle (the shape with the minimum perimeter for a given
area) as a reference. L8f; denote theSCSof a circle:

r

_ Pi;j _ 2r _ 2 _
ST Ay T 72T A, 10
TheSI-SCSis de ned as: S b
Sy =20 = pll 11
N Si;j 2 Ajj -
For a scaled polygon (factér), we have:
S9 ()= p—i T = pP T - P - (12)

2 Ay 1) 2 Ay [ 2 Ay

This demonstrates th&®l-SCSis scale-invariant, depending only on the boundary complexity and
not the instance's scale.



Published as a conference paper at ICLR 2025

3.3.3 (Q.AsSsS-BALANCED SCS (CB-SCS)

While Scale-Invariance addresses intra-instance shape variability, inter-instance imbalance due to
class imbalance remains a signi cant challenge. Instance segmentation datasets frequently exhibit
highly skewed distributions of class instances (Oksuz et al., 2020), as illustrated in Fig. 2a and
Appendix B. Naive aggregation of instance-level importance scores within an image can result in
rankings disproportionately in uenced by high-frequency classes, thereby diminishing the contribu-
tions of less frequent classes.

To mitigate this class imbalance issue, we propos€thesBalancedSCS(CB-SCS Fig. 4c)score

to ensures fair representation of all classes, regardless of the number of instances in each class.
For each class, we normalize individual instance scores by the total score of all instances in that

class across different images. Our normalized scoring method balances class in uence, preventing

overrepresented classes from dominating while simultaneously preserving the impact of classes with

limited examples. Formally, the score for théh image is,

so
syY="Pr p—tl s— Wwherec(i;j) = c(i%j9; (13)
1021 j02G;0 2i0;j 0

whereSiO;j is theSI-SCSf thej -th instance in imagg c(i;j ) denotes the class of theth object in
imagei.

Image-level Score Consequently, we can directly sum these normalized scores across all instances
in i-th image to obtain a balanced image-level score formally de ndd ésig. 4d):

li=  SY; (14)
i

whereG; denotes the number of instances in the imiage

4 EXPERIMENTS

4,1 EXPERIMENT SETTINGS

Datasets. To evaluate the proposed method TFDP, we conduct instance segmentation experiments
on three mainstream datasets VOC 2012 (Everingham et al., 2010), Cityscapes (Cordts et al., 2016),
and MS COCO (Lin et al., 2014).

Evaluation Metrics. For all datasets, we evaluate instance segmentation results using the standard
COCO protocol and report the average precision metrics for both mask and box AP (averaged over
loU thresholds): mAP, AR, APzs, APs, APy, AP.. Due to the page limits more details about
datasets and evaluation metrics are provided in Appendix C.1 and C.2, respectively.

Baseline ComparisonsSix baselines are used for comparisonRandom; 2) Entropy (Coleman

et al., 2019); 3Jorgetting (Toneva et al., 2019); 4L2N (Paul et al., 2021); 5AUM (Pleiss et al.,

2020); 6)CCS(Zheng et al., 2023). For all methods (except Random), we make speci ¢ adaptations
for the instance segmentation task, as described in Sec. 3.2. As is common practice (He et al., 2017;
Wang et al., 2020b), all network backbones are pre-trained on the ImageNet-1k classi cation set
(Deng et al., 2009) and then ne-tuned on the instance segmentation dataset. For hyperparameters,
we follow the settings described in the original paper with details provided in the Appendix C.3.

4.2 PRIMARY RESULTS

MS COCO (Tab. 1). Tab. 1la shows the results on the COCO dataset. Our TFDP method outper-
forms all baselines across all pruning rate settings. For example, when pruning 50% of samples,
TFDP still achieves 53.4% Af, which is 1.7% and 2.2% higher than adapted Entropy and EL2N,
respectively. Moreover, TFDP's performance with only 80% of the data already matches the perfor-
mance with 100% of the data. Additionally, with just 50% of the data selected by our TFDP method,
it consistently outperforms random pruning by 30%. Impressively, compared to other baselines that
require model training, the selection time for the model-independent TFDP is almost negligible. For



Published as a conference paper at ICLR 2025

mAP AP50 AP75
p | Time | 0% 20% 30% 40% 50% 0% 20% 30% 40% 509 0% 20% 30% 40% 50%
Random - 342 336 321 311 308552 545 528 511 510365 356 341 332 327
Forgetting| 20.29h | - 331 323 314 304 - 542 534 522 512 - 352 343 334 321
Entropy | 21.16h | - 332 323 314 309 - 544 535 525 517 - 355 345 332 326
EL2N 1237h | - 334 321 312 30§ - 545 529 517 512 - 356 342 332 320
AUM 2029h | - 335 324 315 314 - 546 533 524 517 - 355 347 334 328
ccs 2029h | - 334 324 317 31§ - 541 533 526 523 - 356 344 336 332
Ours 0.014h | - 344 336 331 325 - 555 548 542 534 - 367 354 351 343
Diff. " 1349 - +08 +1.5 +20 +17 - +1.0 +20 +31 +24/ - +11 +1.3 +19 +1.6
(a) The mask AP (%) results compare different dataset pruning baselines on COCO.
| | mAP™ | AP5o™ | AP75™
p | Time | 0% 20% 30% 40% 509 0% 20% 30% 40% 509 0% 20% 30% 40% 50%
Random - 37.7 370 353 340 334583 576 561 538 543411 401 380 37.3 363
Forgetting| 20.29h | - 368 356 345 340 - 577 562 552 544 - 404 387 375 368
Entropy | 21.16h | - 367 358 347 343 - 576 567 558 553 - 400 39.2 378 374
EL2N 1237h | - 369 357 347 340 - 577 564 551 545 - 401 389 376 365
AUM 2029h | - 370 358 348 343 - 579 566 556 551 - 406 390 381 371
ccs 2029h | - 368 357 352 347 - 576 565 561 557 - 403 391 382 375
Ours 0.014h | - 378 372 367 359 - 588 581 576 569 - 411 402 399 388
Diff. " 1349 - +08 +1.9 +27 +21 - +1.2 +20 +38 +26 - +10 +22 +26 +25

(b) The bounding-box (bb) AP (%) results compare different dataset pruning baselines on COCO.

Table 1: Results on COCO with backbone network Mask R-CNN. The pruning rafgresents the
percentage of data removed from the full training dataset during pruning. The performance on the
full dataset is indicated by = 0%. Time indicates the time consumption for sample ranking, with
details provided in Sec. 4. Biff for the improvement in time represents the average improvement,
excluding Random since it does not consume tiDiff. for the performance denotes the difference
between our TFDP method and random pruning, as all baselines are also our adapted methods.

VvOoC | Cityscapes

Dataset | Model | SOLO-v2 | Querylnst
1l 0, 0, 0, 0, 0, i 0, 0, 0, 0, 0,
P | Time | 0% 20% 30% 40% 50% Time | 0% 20% 30% 40% 50% [ 70% 50w 40% 50%
Random - |409 39.4 320 290 23f - |27.6 261 21.8 19.0 16.9
Forgetting 21.21 min| - 33.6 30.8 281 21.6 554h | - 258 232 19.3 17.1 Féﬁt”rg"m g;'g gié ggg gg'g
Entopy |2175min| - 384 342 317 293 561h | - 264 222 201 172 L'9oPY| 228 516/ 550 539
ER2N  |1270min - 391 353 321 298 301h | - 262 226 203 174 SoN | 221 503550 527
AUM  [2121min - 352 310 263 192 554h | - 253 245 212 184 Adw | 325 5101556 510
CCS  |2121min| - 388 354 343 30.8 554h | - 254 241 19.9 17.0 : 11 55 :
ours 0Ol12min| - 403 386 362 33400051h - 275 254 234 194 Dx° |31 523 fg'g >
Diff. 164 | - +0.9 +6.6 +7.2 +9.1" 100 | - +1.4 +36 +44 +2.5 D : 2| +2. :

Table 2: The mask AP (%) results compare different dataset prurifg'® 3: The ABo (%) re-
baselines on VOC and Cityscapes. The pruning patepresents theSUItS in the generalization
percentage of data removed from the full training dataset during p@pility to different architec-
ing. The performance on the full dataset is indicateghby0%. tures on COCO dataset.

more results on the COCO dataset, please refer to the AppendiBouhding-Box (bb) AP Re-

sults. Following previous work (He et al., 2017), we also report the bounding-box object detection
results on three datasets in Tab. 1b. Our method TFDP signi cantly outperforms random pruning
at all pruning rate settings. Notably, by selecting only 50% of the data, our TFDP consistently sur-
passes all baseline methods that select 70% of the data (30% pruning rate) in b&trame\RR P
performance. Compared to the Mask AP results, the performance improvement in bounding-box AP
is more pronounced.

VOC and Cityscapes (Tab. 2).Performance results on VOC and Cityscapes are reported in Tab.

2. Our TFDP method demonstrates superior performance on VOC. For instance, with the pruning
rate of 40% and 50%, Mask R-CNN trained on the pruned VOC achieves magkad€&uracies

of 36.2% and 33.4%, surpassing random pruning by 7.2% and 9.7%, respectively. On Cityscapes,
TFDP also consistently shows improvements. For example, at a pruning rate of 40%, TFDP exceeds
the performance of random pruning at 40% by 4.4%, and at 30% by 1.3%. Additionally, our TFDP
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SI CB| VOC | Cityscapes | COCO | mAP | APsq
P |30% 40% 50%30% 40% 50%30% 40% 50% | 0% 20% 30% 40% 50%0% 20% 30% 40% 50%
random| 32.0 29.0 23.722.1 19.0 16.953.8 52.1 52.0Random 36.4 35.4 350 356 33/861.8 60.5 60.8 60.6 58.9
- - |36.6 34.0 28.822.4 215 19.154.2 529 525Entropy| - 347 356 345 343 - 613 626 614 60.3
X 37.8 35.4 324222 22.8 17.954.2 53.3 52.1EL2N | - 342 341 352 320 - 59.2 59.7 61.8 57.3
- X |35.9 335 30.724.9 224 17.154.4 54.0 52.7AUM - 363 349 344 339 - 626 609 594 594
X X |38.6 36.2 334254 23.4 19.454.8 54.2 53.4CCS - 361 361 350 340 - 617 617 60.7 59.7
) ours - 369 366 366 366 - 628 639 634 628
Table 4: Ablation study of two componentsift. +1.5 +1.6 +1.0 +2. +2.3 +3.1 +2.8 +3.9

SI-SCS(SI) andCB-SCS(CB). When nei-
ther normalization is used (both marked Eable 5: The mask AP (%) results on Cityscag@e{
*-Y), it indicates that onlySCSis applied. trained on COCO).

method consistently outperforms the adapted SOTA methods (e.g., EL2N and CCS) on VOC and
Cityscapes at all pruning rate settings. For more results on the VOC and Cityscapes dataset, please
refer to the Appendix D.3.

Generalization to Other CNN-based and Transformer-based Models (Tab. 3)In Tab. 3, we

show an experiment assessing the effectiveness of images selected by Mask R-CNN when tested
on instance segmentation networks with new architectures. We included other CNN-based network
SOLO-v2 (Wang et al., 2020b), as well as Transformer-based networks Querylnst (Fang et al., 2021)
to test for generalizability. Appendix D.4 shows more results of the generalization evaluation. Ad-
ditionally, we conducted experiments on different backbones (e.g., ResNet-101 and ResNeXt-101)
as shown in Appendix D.5, further validating the scalability of our method.

Ablation Study (Tab. 4). Tab. 4 demonstrates the effectiveness of our components on three datasets.
We notice using them alone does not give satisfactory results, and applyin@bstbSand CB-
SCSdelivers the best performance. Further analysis on the Scale-Invariance design is provided in
Appendix D.6.

4.3 MOREANALYSIS

Robust Performance Across Training Paradigms (Tab. 5)Our TFDP is a method that prepares

an pruned dataset independent of any speci ¢ training process. To comprehensively evaluate its
effectiveness, we use TFDP-pruned datasets in two scenarios: 1) Models pre-trained on ImageNet-
1k (Results shown in Tab. 1, Tab. 2 and Tab. 3), 2) Models pre-trained on COCO (He et al., 2017;
Liu et al., 2018a) as shown in Tab. 5. In both cases, models are ne-tuned on either the full or
TFDP-pruned dataset. Impressively, TFDP outperforms all baselines across different pruning rates
in both cases. Even when pruning 50% of the data, its(A82.8%) surpasses the performance
achieved with the full dataset (A°61.8%). This demonstrates TFDP's effectiveness as a universal
preprocessing step regardless of the subsequent training strategy. More experimental settings and
results for training scenarios 2) are provided in Appendix D.7.

Performance Gain at High Pruning Rates (Fig. 5). To further validate our method, we also
conduct experiments under high pruning rates, as shown in Fig. 5. Compared to random pruning,
our method consistently improves performance across pruning rates from 60% to 90%.

Time Consumption Results (Tab. 6).We detail the time required to calculate importance scores
for all samples in the dataset, including model training, score computation via model inference, and
strati ed selection. All time tests were conducted in the same environment, with details available in
Appendix D.8, and the times reported are averages of three trials. As shown in Tab. 6, our method
signi cantly reduces sample selection time, with greater time-saving effects on larger datasets, high-
lighting its effectiveness in the big data era.

Visualization (Fig. 6). Fig. 6 shows that our method effectively distinguishes “hard” (top-ranked)
and “easy” images (least-ranked). Top-ranked images contain either many intricate-shaped objects
(sub g-a, b, ¢) or instances of rare classes (sub g-d, e), while least-ranked images typically contain
a single object with a simple contour (sub g-f, g, h, i, j, k). We use the top-1 image (sub g-d, e) from
MS COCO to explain how scale variability and class imbalance issues are addressed. First, despite
having various scale§|-SCSassigns all toasters similar scores, illustrating the effectiveness of our
ScalednvariantSCS (SI-SCS)Second, despite having relatively simple shaj@;SCSassigns
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Dataset ‘ ‘ Ours EL2N  Entropy FoArlgjg/tI{in g CCs
T - 722.49s 1265.40s 1272.31s 1272.31s
VOC IS 7.:&95 39_.395 3_9.715 0.009_5
\Total\ 7.19s 761.88s 1305.11s 1272.31s 1272.32s
T - 2.89h 5.49h 5.54h 5.54h
Cityscapes I |182.4s 429.29s 432.33s -
S - - - 0.029 s
|Total|182.4s 3.00h 561h 554h 554h
T - 11.35h 20.13h 20.29h 20.29h
coco IS 50-.4 s 367-6.48 S 36-96.69 s 099+

|Total| 50.4s 12.37h 21.16h 20.29h 20.29h

Figure 5: Experiments of high pruning rate§ ) : : :
o 0 able 6: Detailed time calculatioff. denotes the
(from 60% to 90%) on MS COCO dataset. Segnodel training time.l is the score computation

mentation metrics include mAP, Afand the _. . - : .
h . X via model inference S is the strati ed selection
gﬁgislggbrgdmg bounding-box version, rﬁ)‘Rptime, for CCS (Zheng et al., 2023).

Figure 6: Visualization of TFDP-selected images on different datasets. The original aspect ratios of
the images are preserved. Scores of too small objects are omitted for better visualization.

a high score to this image due to the rarity of the class “toaster”, showcasir@lassBalanced
SCS (CB-SCS)The distribution Fig. 8 in the Appendix B reveals that the number of toasters is the
second-to-last least counted object. More visualizations, examples and analysis are in Appendix D.9.

5 CoONCLUSION AND FUTURE WORK

We introduce Training-Free Dataset Pruning (TFDP) for instance segmentation, leveraging mask
annotations and novel scoring methods to address scale variability and class imbalance. Our ap-
proach signi cantly reduces pruning time while improving performance, outperforming adapted
state-of-the-art baselines and demonstrating strong cross-architecture generalization. In future work,
we plan to extend the training-free concept to diverse datasets. This expansion will include video
dataset pruning by incorporating temporal information and motion patterns, language dataset prun-
ing through analysis of text structure, syntax, and semantic richness. Exploring the theoretical foun-
dations of training-free pruning methods is another interesting direction.
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A TRAINING-FREE DATASET PRUNING (TFDP) ALGORITHM

Algorithm 1 illustrates the code implementation process of our TFDP.

Algorithm 1 Training-Free Dataset Pruning (TFDP)
Input: Complete training datasBt. Number of images to selekt.

1: Initialize: S=;, set of selected samples
2: fori =1toD do
3: forj =1t0G;do

4 CalculateP;; andA;; for each masivy inimagei

5 Compute SCS;; . De ned in Equation 8
6: Scale-Invariant SCS by circle ratE}?j . De ned in Equation 12
7:  endfor

8: end for

9: fori=1toD do
10: fork=11toG; do

11: Compute Class-Balanced SS%O for each instance mask;; inimagei

12:  end for

13:  Calculate image scollg . De ned in Equation 14
14: end for

15: Sort all images iD based on; in descending order
16: Select topK images based on sorted scores to form suBset
Output: Selected subs&= f(x;;yi)d<; ; Importance scores based on
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B DATASETSANALYSIS

We show statistical details of more datasets, including VOC, Cityscapes and COCO. As shown in
Fig. 8, there are signi cant differences in object areas across the datasets, along with a clear class
imbalance.

(a) Distribution of VOC 2012 dataset.

(b) Distribution of Cityscapes dataset.

(c) Distribution of MS COCO dataset.

Figure 7: Distribution of area of instances.
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(a) Distribution of VOC 2012 dataset.

(b) Distribution of Cityscapes dataset.

(c) Distribution of MS COCO dataset.

Figure 8: Distribution of number of instances.
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C EXPERIMENT DETAILS

C.1 DaTASET DETAILS
Our experiments are conducted on three different datasets:

» Pascal VOC 201%eatures 2,913 images, split into 1,464 for training and 1,449 for valida-
tion, with 6,929 segmentations available for instance segmentation task.

« Cityscapesincludes 9 object categories designed for instance-level semantic labeling. This
dataset is more complex as each image may contain a signi cantly higher number of in-
stances per class compared to VOC, most of which are quite small. It contains 2975 training
images collected from 18 cities and 500 validation images from 3 different cities.

« MS COCO s a popular instance segmentation dataset, which contains an 80-category label
set with instance-level annotations. Following previous works (He et al., 2017; Wang et al.,
2020b), we use the COC®ain 2017 (118K training images) for training, and the
ablation study is carried out on thval 2017 (5K validation images).

C.2 BVALUATION METRICS

For all datasets, we evaluate instance segmentation results using the standard COCO protocol (Lin
et al., 2014). This protocol provides a comprehensive set of metrics to assess the performance of
object detection and instance segmentation models. We report the average precision (AP) metrics
for both mask and bounding box predictions, which are averaged over multiple Intersection over
Union (IoU) thresholds. The key metrics we report are:

 mAP (mean Average Precision):This is the primary metric, calculated by averaging AP
across all object categories and loU thresholds (typically from 0.5 to 0.95 in steps of 0.05).

* APso: Average Precision at loU threshold of 0.5. This metric is more lenient, considering
detections as correct if they have at least 50% overlap with the ground truth.

» AP75: Average Precision at loU threshold of 0.75. This is a stricter metric, requiring more
accurate localization of objects.

* APg, APy, AP_: These metrics evaluate performance on small, medium, and large objects
respectively.

— APg: AP for small objects (area 32° pixels)
— APy: AP for medium objects32? < area< 96 pixels)
— AP_: AP for large objects (area 96 pixels)

These size-speci ¢ metrics help assess the model's performance across different scales of objects,
which is crucial for understanding its effectiveness in various real-world scenarios.

C.3 EXPERIMENTSSETTINGS

Except for the generalization and scalability experiments, we use ResNet-50 as the backbone for
Mask R-CNN and FPN to extract multi-scale features. All models and training hyperparameters
were trained using the default hyperparameters as speci ed in MMDetection (Chen et al., 2019a).

Adapted Baseline SettingsFor EL2N, in alignment with the description of the model in the early
training stage from the original paper, we use the model at halfway through the total training duration
to compute EL2N scores. For CCS, we strictly follow the hyperparameters in the original paper,
including the hard pruning rate and the number of strata It is worth noting that our TFDP does

not contain any hyperparameters, further demonstrating the practicality of our TFDP approach.

Primary Experiment Settings. For the VOC experiment, we used a single NVIDIA 3090 GPU.

For the Cityscapes experiment, we used two NVIDIA 3090 GPUs. For the COCO experiment, we
used two NVIDIA A100 80G GPUsTime Consumption Experiment Settings. To ensure a fair
comparison, all time consumption experiments were conducted on the same machine: PyTorch on
Ubuntu 20.04, with NVIDIA RTX 3090 GPUs and CUDA 11.3. We used two NVIDIA 3090 GPUs

for training and one NVIDIA 3090 GPU for inference.
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D MOREEXPERIMENTS

D.1 COMPARISON BETWEEN SUMMATION AND AVERAGE

We compared two methods for aggregating object scores through pixels: summation and average. As
shown in Tab. 7, the average-based method performs signi cantly better than the summation-based
method. This is because the summation-based method tends to favor larger masks, i.e., instances
with more pixels, causing smaller instances to be overlooked.

\ mAP \ APso \ AP7s5 \ APs | APy | AP

| Avg. Sum Diff. | Avg. Sum Diff. | Avg. Sum Diff. | Avg. Sum Diff. | A\g. Sum Diff. | Ayg. Sum  Diff.

Forgetting | 28.7 31.0 +23 | 47.7 521 +4.4 | 311 351 +4.0 | 123 16.7 +4.4 | 316 334 +1.8 | 40.1 428 +2.7
Entropy 28.1 311 +3.0 | 470 51.7 +4.7 | 30.6 347 +4.1 | 127 16.2 +35 | 311 332 +211 | 399 427 +2.8

EL2N 254 303 +49 | 453 509 +5.6 | 289 332 +43 | 11.0 143 +33 | 301 321 +2.0 | 38.7 413 +26
AUM 26.7 299 +32 | 46.6 512 +46 | 297 339 +42 | 114 156 +4.2 | 303 329 +26 | 39.0 412 +22
CCs 284 309 +25 | 472 518 +46 | 31.0 348 +38 | 121 16.7 +4.6 | 31.1 332 +2.1 | 40.3 429 +26

Table 7: Comparison between averagidgdq. ) and summationgunj.

D.2 MS COCORESULT ONAPs, APy, AND AP_

Tab. 8 shows more detailed AP results on the COCO dataset for different object areas (small,
medium, large). Our TFDP consistently achieves stable improvements.

\ APs \ APy \ AP
| 0% 20% 30% 40% 50% 0% 20% 30% 40% 50% 0% 20% 30% 40% 50%
Random | 161 159 141 131 133 367 360 346 332 332 499 488 481 462 456

Forgetting - 15.6 150 146 145 357 351 342 337 - 49.1 465 449 436
Entropy - 15.5 14.9 143 144 - 359 350 341 339 - 48.9 467 451 438
EL2N - 15.6 145 144 144 - 36.3 352 341 336 - 479 463 446 432
AUM - 15.8 14.7 146 14.4| - 36.3 354 343 341 - 485 46.6 453 44.0
CCs - 15.8 15.2 148 147 - 36.0 349 346 341 - 48.4 467 450 452
Ours - 16.2 155 155 15.1| - 371 363 36.0 353 - 49.3 485 469 46.2
Diff. - +0.3 +1.4 424 +19 - +1.1 +1.7 +2.8 +2.1 - +0.5 +0.4 +0.7 +0.6

(a) The mask AP (%) results for different object areas (small, medium, large) compare different dataset pruning
baselines on COCO.

\ APgP® \ APy \ AP
| 0% 20% 30% 40% 50%| 0% 20% 30% 40% 50% 0% 20% 30% 40%  50%
Random | 21.9 21.8 196 184 184 409 402 384 371 364 489 478 464 441 443

Forgetting - 208 207 201 201 - 40.1 399 384 378 - 475 453 437 424
Entropy - 215 207 203 207 - 40.3 395 383 379 - 476 460 438 433
EL2N - 211 208 202 19.8] - 40.7 397 384 379 - 471 451 435 4138
AUM - 220 207 204 202 - 408 400 38.7 384 - 477 457 440 430
CCs - 216 208 206 20.0] - 404 395 389 382 - 474 456 443 439
Ours - 224 211 214 206 - 411 404 405 39.5 - 483 477 46.0 453
Diff. - +0.6 +1.5 +3.0 +2.2 - +0.9 +2.0 +3.4 427 - +05 +1.3 +1.9 +1.0

(b) The bbox AP (%) results for different object areas (small, medium, large) compare different dataset pruning
baselines on COCO.

Table 8: More results on COCO. The pruning ratepresents the percentage of data removed from
the full training dataset during pruning. The performance on the full dataset is indicaped @%6.

Diff.  denotes the difference between our method and random pruning, and the improvement in
time is the average improvement.

D.3 CITYSCAPES RESULT ON MAP, AP50,AND AP75

Tab. 9 shows more detailed AP results on the Cityscapes dataset for different loU thresholds. Our
TFDP consistently achieves stable improvements.
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‘ mAP ‘ APsgq ‘ AP75
‘ 0% 20% 30%  40% 50%‘ 0% 20% 30%  40% 50%‘ 0% 20% 30% 40%  50%
Random 125 112 9.1 8.0 72| 276 261 218 19.0 16.9 10.0 8.7 6.7 6.1 5.3

Forgetting - 11.3 10.3 8.3 7.3 258 232 193 171 8.2 7.6 5.7 4.9
Entropy . 11.5 10.2 8.4 7.0 - 264 238 207 17.2] - 8.6 7.4 5.8 5.1
EL2N . 11.6 10.1 9.2 80 - 262 231 208 179 - 8.9 7.7 7.4 6.6

AUM . 11.1 10.7 9.2 7.8 - 253 245 212 184 - 8.1 8.1 7.0 6.2
CCs . 10.9 104 8.5 7.0 - 254 240 200 17.0] - 8.2 8.0 6.8 5.0
Ours - 12.4 109 96 75 - 275 254 233 194 - 9.5 8.2 7.2 5.4

Diff. - +1.2 +18 +16 +03| - +1.4 +36 +43 +25| - +0.8 +15 +11 +0.1

(a) The mask AP (%) results for different loU thresholds (0.5 to 0.95, 50, 75) compare different dataset pruning
baselines on Cityscapes.

‘ mAPPP | APgo™ | AP75

| 0% 20% 30% 40% 50%| 0% 20% 30% 40% 50% 0%  20% 30% 40%  50%

Random 15.7 145 12.1 10.6 9.3| 330 317 27.2 24.2 2171 123 11.2 8.7 7.7 6.7

Forgetting - 13.9 13.1 11.0 9.7 - 31.0 293 264 220 11.4 9.9 7.4 6.6
Entropy - 14.8 13.4 11.5 9.4 - 31.6 296 265 21.6] - 11.8 10.1 8.0 6.8
EL2N - 14.9 13.3 11.7 10.4 - 320 292 26.0 230 - 11.8 9.8 9.1 7.2
AUM - 14.3 13.2 12.0 10.3| - 31.0 299 265 238 - 11.1 10.0 90 73

CcCs - 13.5 13.3 10.9 9.4 - 30.1 29.7 253 216 - 10.0 9.6 7.8 6.7
Ours . 15.3 14.1 12.6 10.0 - 324 312 285 235 B 11.3 10.1 91 6.6

Diff. . +0.8 +20 +20 +0.7 - +0.7 +40 +43 +138 B +0.1 +14 +14 -0.1

(b) The bbox AP (%) results for different loU thresholds (0.5 to 0.95, 50, 75) compare different dataset pruning
baselines on Cityscapes.

Table 9: More results on Cityscapes. The pruning patepresents the percentage of data removed
from the full training dataset during pruning. The performance on the full dataset is indicaped by

0%. Diff.  denotes the difference between our method and random pruning, and the improvement
in time is the average improvement.

D.4 CROSSARCHITECTUREGENERALIZATION EXPERIMENTS

Tab. 10 shows more detailed results on models with different architectures (such as SOLO-v2 and
Querylnst) for different loU thresholds, and our TFDP consistently achieves stable improvements.
Since the adapted baselines rely on model-speci ¢ pruning, the data selected using Mask R-CNN
shows varying degrees of degradation when applied to other architectures. This is especially evident
in the Transformer-based model Querylnst, where the data selected by CNN-based Mask R-CNN
performs worse than random selection under many pruning rate settings.

| SOLO-v2 | Querylnst
p=50% | mAP APso AP75 APg APy AP_ | mAP APsq AP75 APg APy AP_

Random 313 51.1 32.6 116 342 48.4 333 52.8 35.6 150 354 518
Entropy 314 51.6 33.0 125 350 46.6 335 53.9 35.6 16.1 36.3 494

EL2N 30.7 50.3 32.2 11.5 34.6 45.3 32.8 52.7 35.0 15.7 36.0 484
AUM 31.0 51.0 32.3 11.5 34.7 45.6 33.9 54.0 36.4 15.8 36.8 49.9
CCs 31.8 52.1 33.2 121 355 47.7 33.3 53.5 35.6 15.6 35.9 49.8
Ours 32.2 52.3 34.1 12.3 355 48.6 34.5 55.0 36.9 15.8 37.5 51.9
Diff. +0.9 +1.2 +1.5 +0.7 +1.3 +0.2 +1.2 +2.2 +1.3 +08 +2.1 +0.1

Table 10: More detailed results in the generalization ability to different architectures on COCO
dataset.

D.5 NETWORK SCALING EXPERIMENTS

Tab. 11 shows results to verify TFDP's scalability on the COCO dataset for different backbones
(such as ResNet-101 and ResNeXt-101). On backbones with more parameters and stronger per-
formance, our TFDP can still further improve the model's performance, demonstrating the good

scalability of our method.
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‘ ‘ mAP ‘ AP50 ‘ AP50
Validation 20% 30% 40% 50%| 20% 30% 40% 50%| 20% 30% 40%  50%
Network
Random | 355 348 340 33.1| 56.6 557 547 538 379 369 363 350
ResNet-101 | Ours 358 353 349 343 571 566 564 556 382 376 373 36.6
Diff. +0.3 +0.5 +0.9 +1.2| +0.5 +0.9 +1.7 +1.8| +0.3 +0.7 +1.0 +1.6
Random | 36.7 362 354 343 584 580 56.8 554| 39.2 384 378 36.3
ResNeXt-101| Ours 372 366 361 355 592 588 582 57.6| 39.9 39.0 384 37.9
Diff. +05 +0.4 +07 +1.2| +0.8 +0.8 +14 +22| +0.7 +0.6 +0.6 +16

(a) The mask AP (%) results for different loU thresholds (0.5 to 0.95, 50, 75) of different backbones on COCO.

\ \ mAP \ AP5o°P \ APg5o°P
Validation 20% 30% 40% 50%| 20% 30% 40%  50%| 20% 30%  40%  50%
Network
Random | 39.2 384 37.6 36.4| 597 588 579 56.8 428 419 408 39.6
ResNet-101 Ours | 39.8 394 389 381 604 602 597 589| 435 426 424 412
Diff. +0.6 +1.0 +13 +17| 407 +14 +1.8 +2.1| +0.7 +0.7 +16 +16
Random | 40.8 40.3 39.1 380| 61.6 614 599 587 447 442 428 415
ResNext-101| Ours | 41.4 410 403 396/ 62.6 621 614 609 454 450 440 434
Diff. +0.6 +0.7 +1.2 +1.6| +1.0 +0.7 +1.5 +2.2| +0.7 +0.8 +1.2 +1.9

(b) The bbox AP (%) results for different loU thresholds (0.5 to 0.95, 50, 75) of different backbones on COCO.

Table 11: The ABy, (%) results in the scalability ability to the different backbones of Mask R-CNN
on the COCO dataset.

D.6 ANALYSIS ON SCALE-INVARIANCE DESIGN

To further validate the effect of Sl design, which is applied to mitigate the small-scale bias of the
SCS, we compare the Average Precision scores at different scalesARf, AP, ) following the
COCO standard metrics before and after applying S| design in Tab. 12. Our results indicate that,
prior to applying Sl, the SCS scores were signi cantly biased towards smaller-scale images, result-
ing in poor performance in Al? and AR . Conversely, after applying the Scale-Invariant design,
there was a noticeable improvement in ABvels, without any decline in APresults.

\ 30% \ 40% \ 50%
P | APs APy APL | APs APy AP. | APs APy AP
wlo Sl ‘ 206 12.9 17.8‘ 205 122 16.3‘ 195 113 138

w/ Sl 22.6 13.4 20.7| 21.7 14.1 18.3| 20.2 12.5 15.9
+20 +05 +29 | +1.2  +19 +2.0 | +0.7 +12 +21

Table 12: Ablation study of the SI-SCS. Comparison of mask AP for objects of different scales
followed by COCO of cial metrics (Lin et al., 2014).

D.7 MORERESULTS ON THESECOND TRAINING PARADIGM

As mentioned in He et al. (2017): A major dif culty with the Cityscapes dataset is the limited
number of training samples available for certain categories, sutth@s busandtrain, which only

have around 200-500 examples each, making it challenging to train models effectively. To partially
remedy this issue, we follow He et al. (2017) and report the results using COCO pre-training to
verify our method further. Speci cally, we strictly follow He et al. (2017) and use a pre-trained
COCO Mask R-CNN model to initialize 7 categories in Cityscapes, whileritter category is
randomly initialized.

In this ne-tuning setting, as shown in Tab. 13, our TFDP achieves more signi cant improvements.
Speci cally, our method consistently surpasses random pruning as well as other baselines. Notably,
our pruning is better than the full dataset, even at a 50% pruning ratio. This may be due to TFDP
pruning some low-quality or noisy data that could negatively impact model performance. Further-
more, in the ne-tuning setting, using the full dataset might lead to over tting, thereby affecting the
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nal performance. These results demonstrate that our method is not only applicable but also more
promising under the ne-tuning setting.
| mAP APso
\ 0% 20% 30%  40% 50%\ 0% 20% 30% 40% 50%
Random | 36.4 35.4 35.0 35.6 33.8 61.8 60.5 60.8 60.6 58.9

Entropy - 347 356 345 343 - 613 626 614 603
EL2N - 342 341 352 321 - 59.2 59.7 618 573
AUM - 36.3 349 344 339 - 626 609 594 594
CCs - 36.1 361 350 340 - 61.7 617 60.7 59.7
Ours - 369 366 36.6 36.6] - 628 639 634 628
Diff. - +15 +1.6 +1.0 +28| - +23 +31 +2.8 439

(a) The mask AP (%) results compare different dataset pruning baselines on Cityscapes (pre-trained on COCO).
| mAP*® APg™®
| 0% 20% 30% 40% 50% 0% 20% 30% 40%  50%
Random | 40.9 396 39.6 40.2 395 663 649 649 652 64.0

Entropy - 395 410 392 394 639 673 66.1 654
EL2N - 381 393 352 372 - 627 651 618 625
AUM - 36.3 408 398 39.0f - 626 658 642 64.0
CCs - 410 410 401 387 - 66.0 66.0 648 643
Ours - 421 411 414 420 - 67.4 687 675 679
Diff. - +25 415 +1.2 +25| - +25 +3.8 +23 +39

(b) The bbox AP (%) results compare different dataset pruning baselines on Cityscapes (pre-trained on COCO).

Table 13: Fine-tuned results with COCO pre-trained Mask R-CNN on Cityscapes.

D.8 TIME CONSUMPTIONDETAILS

To ensure a fair comparison, all time consumption experiments were conducted on a same machine:
PyTorch on Ubuntu 20.04, with NVIDIA RTX 3090 GPUs and CUDA 11.3. We used two NVIDIA
3090 GPUs for training and one NVIDIA 3090 GPU for inference.

The following section provides explanations of some time consumption details. EL2N (Paul et al.,
2021) and Entropy (Coleman et al., 2019) measure the importance of samples by calculating the
distance between output logits and the ground-truth one-hot labels, which includes the time for both
model training and inference (Scoring). According to the original settings of EL2N, it only requires
model weights in the early training stage, hence the training time is shorter than Entropy. AUM
(Pleiss et al., 2020) and Forgetting (Toneva et al., 2019) assess the dif culty of samples by tracking
changes in the logits across different epochs during training, thus the process includes model training
and scoring through training logs. The time difference between the two is minimal, and we report
them as a single method. For CCS, in addition to the time taken to obtain AUM scores, the time
for Strati ed selection should also be factored in. However, the proposed TFDP does not require
a model and only needs the time for scoring through pixel-level annotations, which is signi cantly
less than the time required by existing model-based sample selection methods.

D.9 MOREVISUALIZATIONS

To further explore the effectiveness of our method, we provide more visualization on VOC,
Cityscapes, and COCO in Fig. 9. NotabBBC Sitself can successfully distinguish “hard” and “easy”
images as shown in Fig 9 (a). We can visually tell the top-ranked images are more complex than
the least-ranked images. By applyiSgaled nvariantSCS, the effect of scale has been eliminated.

We can observe from the least-ranked images in Fig. 9 (b) that the criterion changes from simply
picking the largest objects to easier shapes (e.g., circles). Lastly, by considering class balance, the
criterion selects not only the complex shapes but also the images that can best cover the distribution
of the dataset.
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Figure 9: More visualization of the proposed method.
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