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Abstract

High-quality data has become a primary driver of progress
under scale laws, with curated datasets often outperform-
ing much larger unfiltered ones at lower cost. Online data
curation extends this idea by dynamically selecting train-
ing samples based on the model’s evolving state. While ef-
fective in classification and multimodal learning, existing
online sampling strategies rarely extend to object detection
because of its structural complexity and domain gaps. We
introduce DetGain, an online data curation method specif-
ically for object detection that estimates the marginal per-
turbation of each image to dataset-level Average Precision
(AP) based on its prediction quality. By modeling global
score distributions, DetGain efficiently estimates the global
AP change and computes teacher-student contribution gaps
to select informative samples at each iteration. The method
is architecture-agnostic and minimally intrusive, enabling
straightforward integration into diverse object detection ar-
chitectures. Experiments on the COCO dataset with multi-
ple representative detectors show consistent improvements
in accuracy. DetGain also demonstrates strong robustness
under low-quality data and can be effectively combined
with knowledge distillation techniques to further enhance
performance, highlighting its potential as a general and
complementary strategy for data-efficient object detection.

1. Introduction

High-quality data have increasingly become a primary
driver of performance in the scale-law era. Across lan-
guage [16, 30], vision [38], and multimodal modeling
[1, 13, 47], training on well-curated datasets consistently
matches or even exceeds the accuracy of much larger un-
filtered datasets, while requiring substantially less compute.
Online data curation takes this a step further by dynami-
cally deciding, at training time, which samples to learn next
[33]. Unlike classic offline dataset pruning or active learn-
ing, an online curator adapts to the model’s evolving state,
steering optimization toward timely, informative, and non-
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Figure 1. Illustration of our online data curation for object detec-
tion, which selects the most informative samples at each training
iteration to boost model training performance.

redundant samples [36]. Recent policies in classification
and multimodal contrastive learning implement this idea by
ranking samples using a learnability signal computed from
a teacher and a student, typically the loss gap between a pre-
trained teacher and the current student [ 14, 36]. Intuitively,
samples that the teacher handles well (low teacher loss, high
prediction quality) but the student struggles with (high stu-
dent loss, lower prediction quality) represent rich residual
knowledge to be learned, and thus are promising training
targets.

Despite these advances, online data selection for ob-
ject detection remains underexplored, and few studies have
demonstrated tangible performance gains. This gap persists
due to two fundamental challenges. First, defining a consis-
tent score for each image in object detection is inherently
complex: a single image may contain no instance or multi-
ple instances, some informative and others noisy or ambigu-
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ous [25, 53]. Second, the optimization strategy used in de-
tection destabilizes the loss, which is widely used as a com-
ponent for online data curation [13, 23, 33, 36, 47]. Detec-
tion losses are fragmented across tasks (e.g., classification
[29, 40], localization [54], centerness [45], etc.) and are
affected by stochastic proposal sampling and assignment
rules. Modules such as RPN sampling [40] or Hungarian
matching [7, 55, 59] dynamically determine which and how
many proposals contribute to the loss. These factors cause
loss values to fluctuate and drift across iterations, architec-
tures, and even within the same image; thus, loss-based sig-
nals such as “learnability” are unreliable for reflecting the
residual knowledge to be learned, making direct adaptation
of generic data selection metrics prone to domain gaps.

Our key idea is to score learnability using a metric-aware
signal aligned with global (dataset-level) Average Precision
(AP) rather than raw loss values. We introduce DetGain
(Detection Gain), an image-level estimate of each sample’s
marginal contribution to the global mAP. For any detec-
tor, whether one-stage, two-stage, or transformer-based, the
forward pass outputs predicted bounding boxes with confi-
dence scores, labels, and IoUs with ground-truth. By com-
puting DetGain post hoc from these outputs, we avoid re-
liance on architecture-specific internals and estimate how
adding an image perturbs the dataset-level precision—recall
curve. However, since mAP is a ranking-based and non-
continuous metric, exact per-iteration marginal updates are
computationally expensive and noisy. To make DetGain
practical for online use, we introduce a fast parametric es-
timator that models true- and false-positive (TP/FP) score
distributions (e.g., two-parameter families) and derives an
analytic closed form for efficient computation. Learnabil-
ity is then defined as the DetGain gap between the teacher
and the student for the same image: when the teacher’s
predicted AP contribution exceeds that of the student, the
sample is considered informative and prioritized for train-
ing, as it still contains residual knowledge to be learned.
The method is fully plug-and-play, modifying only the data
pipeline without changing model architectures, loss func-
tions, optimizers, or training schedules.

We evaluate DetGain on several representative detec-
tors, including Faster R-CNN [40], ATSS [56], FCOS [45],
VENet [54], GFL [27], and Deformable DETR [59], on
COCO 2017 benchmark [28]. Acting at a meta-level, Det-
Gain adapts to diverse loss functions and architectures,
consistently improving validation performance by up to
+2.7 mAP under standard schedules. Moreover, on low-
quality datasets with noisy or pseudo labels, DetGain yields
gains of up to +6.9 mAP. By sharing the teacher, it can
also be combined with knowledge distillation (KD) meth-
ods [5, 48], further boosting lightweight models. Exist-
ing work has rarely explored image-wise online data sam-
pling that produces measurable gains on standard detection

benchmarks. DetGain fills this gap by providing extensive
comparisons against alternative online metrics. Our results
demonstrate that selecting the most informative samples
during training consistently improves both detection accu-
racy and efficiency (i.e., convergence speed), highlighting
the strong potential of DetGain for broader applications in
data-efficient learning.

2. Related Works

2.1. Online Data Curation

Online data curation ranks and selects training examples on
the fly based on the model’s evolving state [33, 36, 43, 49].
Earlier work focuses on hard-example mining, where sam-
ples are chosen by high loss [23, 33] or prediction uncer-
tainty [12, 26]. Other variants target examples that are
easily forgotten during training [46] or reweight losses in
a curriculum-learning manner [8, 20]. RAIS [21] intro-
duces importance sampling using normalized gradient mag-
nitudes, while Co-Teaching [17] trains peer networks to
mitigate label noise. Xinyue et al. [18] propose a pro-
gressive curriculum that drops data portions over time.
Recently, RHO-LOSS [36] formalizes “learnability” via
a teacher—student signal emphasizing non-noisy and non-
redundant samples; JEST [13] extends this to batch-level
joint selection for contrastive learning, and ACED [47] in-
terprets this batch selection as implicit KD methods.

Despite these advances, few studies have explored data
selection metrics tailored to object detection or shown mea-
surable gains through online sampling. This gap stems from
the complexity of detection models, which involve multi-
ple interdependent objectives and image-level sample def-
initions with variable instance counts [31]. Such proper-
ties make generic learnability metrics unreliable because
teacher—student loss discrepancies often fail to reflect pre-
diction quality in detection frameworks. DetGain instead
offers a post-hoc, model-agnostic image score aligned with
dataset-level mAP, ranking images by a teacher-student gap.
Some existing detectors also highlight the importance of on-
line sampling at the proposal/anchor level [6, 32, 44], e.g.,
assignment or reweighting schemes such as ATSS and Fo-
cal Loss [29, 56]. However, most of them are architecture-
coupled and operate on per-Rol/per-anchor gradients rather
than providing an image-level selection metric, so their ap-
plicability to image-wise online curation is limited. We in-
stead decouple the data flow from model internals, avoiding
unstable loss signals and architectural idiosyncrasies, and
enabling transfer across detector families. Moreover, our
method operates within the data pipeline, thus complement-
ing existing internal reweighting or sampling approaches; in
our experiments, combining DetGain with ATSS or Focal
Loss yields consistent additional gains.
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2.2. Active Learning and Offline Coreset Selection

Early active learning (AL) for object detection mainly re-
lied on uncertainty-based querying, such as entropy or mar-
gin scores from detector outputs [11, 41]. Later works
highlighted the importance of localization quality [22] and
combined instance-level cues: CDAL [2] modeled contex-
tual diversity among co-occurring classes, MI-AOD [53]
estimated instance-wise uncertainty via multiple instance
learning, and probabilistic models captured both aleatoric
and epistemic uncertainty [I1]. Recent approaches in-
tegrate uncertainty and diversity within iterative query
loops—Entropy-based AL [50] combines entropy-guided
NMS with prototype diversity, while PPAL [51] ranks sam-
ples by calibrated uncertainty and clusters. Semi-supervised
methods such as Active Teacher [35] further couple query-
ing with pseudo-labeling for efficient learning.

In parallel, coreset and dataset selection methods aim to
construct compact, representative subsets offline [3, 24, 25,
37, 42, 58]. Most AL and coreset pipelines remain offline
or semi-offline and recursive, and the main goal is label effi-
ciency—approaching fully supervised accuracy with mini-
mal human annotations. However, such strategies cannot be
directly applied when the dataset is already fully labeled.
In contrast, DetGain performs online, real-time batch se-
lection during training using fully labeled data. Instead of
handcrafted mixtures of uncertainty or diversity, it uses a
teacher—student signal, a dynamic, AP-oriented contribu-
tion gap, to identify batches that maximize each image’s
marginal contribution to global AP. Recent study [58] ap-
plies AP-based metrics for offline data selection. DetGain
generalizes this concept by dynamically estimating global
AP contributions rather than local image-level AP.

3. Methods

3.1. Batch-selection Criteria

Previous Learnability definition: We denote the model
under training as the student. At each iteration, a “super-
batch” & of B samples is first loaded, from which we
wish to extract a smaller, more informative sub-batch B =
{x;}2_, C S to perform gradient updates. To guide this
selection, learnability-based [13, 14, 36, 47] scoring func-
tions leverage loss signals from both the student model
fs(x;0) and a pretrained feacher model f;(x;0*), defined
as: Sieam = £(B| fs) — €(B] fi), where ¢(B | f) denotes the
mean loss of model f over batch B. Intuitively, samples
with high student loss but low teacher loss are prioritized,
as they indicate regions where the student still lags behind
an optimized reference model. The first term, ¢(B | f;), re-
flects sample difficulty relative to the learner’s current state.
Conversely, the second term, £(B | f;), favors high-quality
examples but ignores the student’s current progress. By
combining the two, Sieam captures the improvement margin,

namely how much a sample could help bridge the gap be-
tween the student and teacher. The ratio between sub-batch
and super-batch sizes defines the selection ratio & = b/B.
Smaller k£ values lead to more selective sampling but in-
crease the computational cost of scoring, as additional for-
ward passes on the super-batch are required.

DetGain-based learnability: Loss-based learnability is
unstable for object detection because the training loss mixes
heterogeneous terms (classification, box regression, etc)
with architecture- and scale-dependent weights, and it is not
directly aligned with the evaluation metric. We therefore
use a metric-driven formulation that is detector-agnostic
and tied to dataset-level AP.

Let D be the current dataset (or pool) and f(-) a de-
tector. Let C be the set of classes and 7 the set of IoU
thresholds used for evaluation (e.g., COCO uses 7 =
{0.50,0.55,...,0.95}). The dataset-level metric is

mAP(f; D) = mZZAPC,T(ﬁ D). (D)

ceCteT

For a candidate image = ¢ D, the DetGain of x under
model f is the marginal perturbation of dataset-level mAP:

dmar(z; f,D) £ mAP(f; DU{z}) —mAP(f; D). (2)

This quantity measures how the true/false positives from z,
together with their ranks, deform the global precision—recall
curve when merged with D. Let f, denote the student and f;
a fixed, pretrained teacher. We redefine a learnability score
that quantifies the remaining improvement margin on x:

SDG("L') = 5mAP(‘T; ftvD) - 5mAP(m; fSaD)' (3)

Large values indicate images where the teacher contributes
more to global mAP than the student, i.e., where the stu-
dent still lags in dataset-level utility. Given a super-batch,
we score each image with (3) and select the top-b to form
the sub-batch B. For efficiency, we use the additive approx-
imation dap (B; f,D) = >, c5dmap(z; f, D), which is
accurate when b < D and enables per-image, online scor-
ing. Our overall pipeline is shown in Fig. 2 A.

Directly maximizing mAP(f;D) during training is
notoriously difficult due to the non-smooth and non-
decomposable nature of AP and the heavy computational
cost across the whole dataset [9, 39]. DetGain preserves
the metric target but relocates it to the data selection step,
avoiding gradient issues while aligning sampling with eval-
uation. In the next subsection we introduce a fast estimator
for Eq. (2) that supports real-time scoring.

3.2. Fast Calculation of DetGain

We aim to approximate the marginal change of dataset-level
mAP contributed by inserting the detections from one im-
age without rerunning the full evaluator over the dataset.
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(A) Overall Pipeline of Online Data Curation For Object Detection
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(B) Estimation of DetGain: Perturbation of Single Detection or Image
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Figure 2. Overview of the proposed online data curation fram

ework for object detection. (A) Overall pipeline: a pretrained teacher

and a student model compute their respective marginal mAP contributions (dap) for each image. The difference between them defines the
learnability score, which guides mini-batch sampling during training. (B) Estimation of DetGain: inserting a single TP or FP perturbs the
precision—recall curve. We model global TP/FP score distributions and analytically estimate each detection’s contribution to mAP under
these densities. (C) Demonstration of DetGain behavior. Left: AmAP when inserting a class-specific TP detection—determined jointly by
the confidence score and bounding-box quality (IoU). Right: AmAP when inserting a class-specific FP detection—determined primarily
by the prediction score. The bottom row uses the true TP/FP score distributions measured from Faster R-CNN predictions; recomputing
these at every iteration is computationally expensive. We adopt the top row (uniform distribution) for a model-agnostic faster computation.

Each detection (predicted bbox) from one image can be
viewed as a small perturbation to the global counts of true
and false positives (7', F') already accumulated from D. The
AP integrates precision along the PR curve as the detection
score threshold decreases, making it rank-dependent. To
approximate dataset-level A mAP, we therefore model the
score distribution of TPs and FPs in a continuous form.

Formulation in the score-threshold domain: Let
u € (0, 1) be the confidence threshold (scanned from high
to low). Let Tt denote the total number of ground truths,
and (T, F') the current numbers of true and false positives.
Let Frp(u), Frp(u) be the cumulative distribution func-
tions (CDFs) and frp(u), frp(u) their probability densi-
ties (PDFs). The cumulative TP/FP counts above threshold
u are:

Cre(u) =T [1 — Fre(u)], Crp(u) =

and the total predictions above u are N(u) = Crp(u) +
Crp(u). Precision and recall at threshold u are

_ CTP(U) CTP(U)
p(u) - N(u) TGT .

Hence, the (non-interpolated) AP can be written as the
Stieltjes integral:

F[1- Frp(uw)], &)

;r(u) = (6))

1

T [ p(u) fre(u) du

Tar

(6)

AP = /Olp(u) dr(u)

Marginal A mAP for inserting a detection. Consider
adding one detection with score s. There are two cases.

(i) when Insert a TP at score s. For u < s, Chp(u) =
Crp(u) + 1 and N'(u) = N(u) + 1, while r(u) gains a
point mass 1/TgT at u = s. Using Eq. (6) one obtains

1 Crp(s)+1
Tar N(s)+1

CFP )
TGT/ N(w) [N (w) 1] /P () e

The first line is the self-contribution at the insertion
point; the second line accounts for precision changes on all
existing TPs with scores > s.

(ii) when Insert an FP at score s. Recall does not change;
for u < s we have Clp(u) = Cpp(u) + 1 and N'(u) =
N(u) + 1. Thus

Oan(s) =

)

Shp(s) = — Cre(w) j fre(du. ®)

Tor Jo N(u)[N(u)+1

The computational pipeline is illustrated by Fig 2 (B).
Image-level aggregation across classes and IoU
thresholds: For a single image x, under a first-order addi-
tive assumption, its marginal mAP change is approximated
by summing the per-detection effects after standard one-to-
one matching at each IoU threshold 7 and then averaging
over classes and thresholds. Generally, COCO-style mAP
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averages AP over object classes C and IoU thresholds 7
(Eq. 1). Accordingly, we account for both the IoU- and
class-wise effects in d,ap(x). Let T, . and F, . be the
dataset-level totals of TPs and FPs used to compute AP, ,,
and let TS be the total number of ground-truth instances of
class c. For detections on =, {(s;, c;j,1oU;)}7., (score s;,
predicted class c;, IoU to the best- matched ground truth),
define y, » € {0, 1} as the indicator that detection j is a TP
at threshold 7.

Given class/IoU-specific score densities f{%")(u) and
flgif)(u) (used inside Egs. 7-8), the image-level marginal
is approximated by

Sumar |C||T\ZZ > [wir oan 7 (s

ceCTET jicj=c (9)

+ (1= yir) 6507 ()]

where 6157 (-) and 6557 (.) are the single-insertion
effects from Eqgs. 7-8. In practice, we observe that the IoU
of matched TP shows an approximately linear relationship
with their DetGain. Moreover, since dap(-) includes the
normalization factor 1/7¢" (Eq. 7-8), a TP or FP from a
rarer class induces a larger per-class AP change than one
from a frequent class. The outer average over classes in
mAP further assigns equal weight to each category, thereby
naturally mitigating long-tail imbalance.

Parametric modeling of score and IoU effects: The
per-threshold terms in Eq. (7)—(8) depend on TP/FP score
densities for each class and IoU threshold. A practical
choice is to fit lightweight parametric models from the
current student’s predictions, for example using a Beta
distribution with method-of-moments fitting, i.e., u ~
Beta(an, ﬁTp) for TP scores (and analogously for FP),
after which the image-level AmAP is obtained by the one-
dimensional numerical integrals in Eq. (7)—(8).

To reduce the burden of online distribution updates and
keep computation real-time, we adopt a universal simplifi-
cation where all TP/FP scores follow Beta(1,1), i.e., a uni-
form distribution with f &) (u) = Pﬁjf) (u)=1on (0,1).
This eliminates the need for per-model estimation of the
prior-distribution and allows the method to be directly ap-
plied to any detector without parameter calibration. More
importantly, under the above uniform prior, Eq. (7)—(8) ad-
mit compact closed forms (s € (0, 1)):

Oap(s) = TST [A(1—s)+1 T In Al —s)+1
7?2 A+1
FP
ar(s) = —par M An 11
(10)

where I’ =T, ;, F' = F. ;,and A = T+ F. Both functions
are monotonic with respect to s—increasing for TPs and de-
creasing for FPs. In deployment, these terms are integrated
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Figure 3. Joint DetGain—augmentation sampling framework.
Strong augmentation expands the augmented data space beyond
the original training set. The subsampling space extends from
the small overlap between the training set and informative data
(green—red) to a larger overlap (blue-red), reducing overfitting and
improving data diversity for the student model.

into the image-level aggregator (Eq. 9); the analytical so-
lution also enables an O(1) online cost per detection, i.e.,
O(m) per image with m detections.

The uniform prior reflects the maximum-entropy distri-
bution over confidence scores, a random-guess baseline.
Under this baseline, DetGain quantifies how much the cur-
rent detector improves over a naive predictor. We adopt
this simplification because (i) it admits a closed-form, O(1)
analytic computation of TP/FP contributions; (ii) it avoids
brittle, model-specific density fitting; and (iii) in practice
we rank images by the teacher—student DetGain gap, so
both models are compared against the same neutral base-
line. Although the absolute values are approximate, the in-
duced ordering is stable and informative for sample selec-
tion. We further visualize the numerical solution of Eq. (9)
as DetGain surfaces over IoU and score (Fig. 2 C). We com-
pare two instantiations: (i) the uniform-prior closed forms
(Eq. (10)), and (ii) class-/threshold-specific Beta fits esti-
mated from Faster R-CNN. Both exhibit the same trend that
higher-score TPs produce larger positive gains while nega-
tive for FPs—and empirically they deliver nearly identical
downstream performance (see Appendix 6 for details).

3.3. Combine with Online Data Augmentation

Pure online sampling can easily overfit.  Intuitively,
DetGain-based subsampling can be viewed as a pointer ori-
ented toward a hidden subspace containing the most in-
formative data to the current model. However, repeatedly
sampling high-learnability samples may cause the training
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Table 1. Overall results on COCO val2017. We report AP@50 and standard AP (AP@[50:95]) “+Data Aug.” applies strong online augmentation. “+
DetGain” denotes combination of strong augmentation with DetGain-based online sampling (subsampling ratio = 20%). All student models use ResNet-50
backbones; teachers are same-family models pretrained on the same training set. (Res152 for CNN-based detectors and Res101 for Deform. DETR). Results

are repeated three times with different seeds (mean =+ std).

Model Type Baseline +Data Aug. +DetGain
AP@50 AP AP@50 AP AP@50 AP
Faster RCNN [40]  2-stage, anchor-based ~ 58.34+.094 37.54+.047 58.34.125(+0.0) 37.5£.082 (+0.1) 61.0+.125 (+2.7) 40.0+.125 (+2.5)

ATSS [56] 1-stage, anchor-based  57.34+.082  39.2+.094
FCOS [45] 1-stage, anchor-free 56.7+£.125 38.2+.125
GFL [27] 1-stage, anchor-based 58.3+.094 40.2+.082
VFNet [54] 1-stage, anchor-based  44.31+.125 40.7+.094

Def. DETR [59] DETR., anchor-free 65.8+.141 46.6+.125

56.0+.141 (-1.3)  38.6+.125(-0.8) 59.8+.094 (+2.5) 41.5+.047 (+2.3)
56.61+.094 (-0.1)  38.2£.047 (+0.0) 59.8+.125 (+3.1) 41.01.047 (+2.8)
57.9£.125 (-04) 40.3£.094 (+0.1) 59.9+.082 (+1.6) 42.0+.094 (+1.8)
44.34.082 (+0.0)  40.3£.125 (-04) 46.5+£.094 (+2.2) 42.9+.082 (+2.2)

66.5+£.245 (+0.7)  47.5£.189 (+0.9)  68.2%.163 (+2.4) 48.9+£.125 (+2.3)

to collapse onto a narrow subspace within the training set.
Our goal is to improve the global mAP, but such collapse
often leads to a gap between training and validation per-
formance (see Table 2). Previous methods address this by
maintaining a hold-out teacher [36] or expanding the dataset
for student [13, 47], both requiring extra data or data parti-
tions. We propose a simpler alternative: combining strong
online augmentation with our image-level DetGain scor-
ing. An augmentation operator A(-) ~ A (e.g., color jit-
ter, affine transform, noise, copy-paste) is applied to each
sample = before DetGain computation to expand the data
space before subsampling. This paired design simplifies the
RHO-style setup [36]: the teacher is trained on clean (no
augmented) data, while the student learns from augmented
views without requiring a hold-out split. Their combina-
tion significantly enlarges the sampling space and allows
the sampler to filter out low-quality augmentations while fo-
cusing on informative regions. As shown in Fig. 3, by first
transferring samples into the augmented space and then sub-
sampling toward informative regions, the effective sampling
area expands from the small overlap between the training
set and informative data (green—red) to a larger overlap with
the augmented data space (blue—red).

4. Experiments

4.1. Implementation Details

We evaluate on COCO 2017 [28] (118k train / 5k val),
a widely used and challenging detection benchmark with
a long-tailed class distribution, diverse object scales, and
dense annotations. To probe robustness, we also study (i)
label-noise scenarios, (ii) a pseudo-labeling regime using
the unlabeled split, and (iii) Extra validation on PASCAL
VOC [15] and BDD100k [52] dataset in appendix. All
experiments are implemented in MMDetection [10] (Py-
Torch) and run on a high-performance computing cluster
with NVIDIA A100/H100 GPUs. The effective batch size
is 16 for both the baseline and DetGain. For online sam-

Table 2. Effect of online sampling and data augmentation on Faster
R-CNN (COCO val). Sampling by learnability alone easily overfits, while
strong augmentation alone lacks focus. Combining both restores diversity
and achieves the best generalization.

Setting ‘ AP
Data aug. Online sampling ‘ Train Val
X X 44.6 37.4
X v 50.3 (+5.7) 37.3 (-0.1)
v X 40.4 (-4.2) 37.5 (+0.1)
v v 45.3 (+0.7) 39.9 (+2.5)

pling, each iteration forms an 80-image super-batch and
backpropagates the top 20% ranked by the teacher—student
DetGain gap (i.e., 16 images). Unless otherwise noted, we
follow MMDetection defaults: a 1x schedule for CNN-
based detectors (= 90,000 iterations, SGD) and the default
50-epoch schedule for Deformable DETR (= 3.7x 107 it-
erations, AdamW [34]). We also evaluate longer sched-
ules and compare with knowledge-distillation baselines in
Sec. 4.5. Student models use ResNet-50 [19] backbones by
default; teachers use the larger backbones (Res101/Res152)
pretrained on the same training set by default. All other set-
tings (data preprocessing, optimizer, and learning policy)
follow each detector’s default configuration.

4.2. Main Results

As shown in Tab. 1, DetGain-based online curation con-
sistently improves performance across diverse detector ar-
chitectures and optimization objectives. For most mod-
els, strong data augmentation alone brings limited mAP
gains, as excessive perturbations often degrade sample qual-
ity. However, when combined with our sampling pipeline,
the model effectively filters out low-quality augmentations,
selects more diverse and learnable samples, and achieves
substantial improvements. Overall, across six representa-
tive detectors, our method yields an average gain of ap-
proximately ~ +2.0 mAP. Notably, these improvements
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Figure 4. Uniform prior v.s. model-fit ranking. Comparison

between DetGain value computed from statistics estimated from
Faster R-CNN and uniform prior.

Table 3. Teacher backbone used for DetGain scoring. All results are
mAP on COCO val2017 with ResNet-50 as students’ backbone. Larger
teacher backbones slightly yield stronger student performance.

+DetGain (Teacher Backbone)
Res50 Res101

Student Baseline

Res152

Faster R-CNN 37.4 39.6 (+2.2) 399 (+2.5) 40.0 (+2.6)

)
FCOS 38.2 40.2 (+2.0) 40.7 (+2.5) 40.9 (+2.7)
VENet 40.7 42.6 (+1.9) 427 (+2.0) 429 (+2.2)
ATSS 39.4 40.9 (+1.5) 413 (+1.9) 41.6 (+2.2)

are achieved only by modifying the data sampling strategy
without any changes to the model architecture, loss func-
tion, or training schedule.

4.3. Ablation Studies

Effect of Data Augmentation: Sampling purely by high
DetGain-based learnability narrows training to a small sub-
space, causing overfitting: training mAP rises sharply while
evaluation mAP barely moves. Adding strong online aug-
mentation restores diversity and, when combined with on-
line sampling, yields the best generalization (Table 2). The
two are complementary: augmentation expands the data
space; online curation sub-samples the most informative in-
stances from this enlarged space (Fig. 3).

Teacher Selections. We examine the effect of teacher
capacity. Table 3 shows that larger teacher backbones con-
sistently yield stronger students, echoing [47] that teacher-
driven curation functions as implicit knowledge distillation
by providing richer supervision on data quality. Accord-
ingly, we use a ResNet-152 teacher with the same architec-
ture family as the student by default to maximize capacity-
driven benefits. See Section 4.5 for further discussion of
relationship to KD methods.

Ranking of Uniform Prior. To quantify whether the
uniform prior changes the relative ordering used for selec-
tion, we directly compare the per-image DetGain rankings
produced by (i) the uniform-prior closed form in E.q. (10)
with fixed TP:FP = 1:9, and (ii) a detector-specific Beta-

Performance vs. Noise Level 4 Improvement over baseline
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Figure 5. Robustness under noisy annotations. Results with
Faster R-CNN-Res50 (stu.) and Faster R-CNN-Res152 (tea.) on
COCO 2017 under controlled annotation-noise ratios. DetGain
remains more stable than loss-based learnability baselines [13, 14,
36] and the uniform baseline across varying noise levels.

fit prior with fitted TP/FP score distributions and a fitted
TP:FP ratio. We simulate a large number of independently
sampled super-batches, matching the typical detection set-
ting: each super-batch contains 64 images, each image pro-
duces a fixed budget of 100 post-processed predictions, and
the number of ground-truth instances per image is sampled
from the same range as in training;

For each super-batch, we compute the Spearman rank
correlation p between the 64 uniform-prior DetGain values
and the 64 Beta+ratio-fit DetGain values, and then aggre-
gate p over all trials. Across hundreds of trials, the result-
ing ranking agreement is consistently high (mean Spearman
p ~ 0.94; Fig. 4), supporting that the uniform prior pro-
vides a stable monotonic surrogate for sample selection.

Robustness under Noisy Annotations. We inject anno-
tation noise in the training set by (1) adding fake boxes, (2)
removing valid ones, (3) perturbing box locations, and (4)
label swaps, controlling the overall noise ratio as the frac-
tion of affected GT boxes. Fig. 5 summarizes the results
across noise levels: DetGain outperforms both the uniform
baseline and loss-based learnability [13, 14, 36]. This ro-
bustness stems from scoring each image by its contribu-
tion to global mAP, which promotes cleaner, informative
samples while down-weighting corrupted ones. In contrast,
loss-based criteria, which directly depend on unstable per-
sample losses, are less effective at identifying high-quality
data, especially when noise level approaches 100%. See
Appendix 2 for extra analysis on pseudo-label scenarios.

4.4. Comparison with Other Methods

Table 4 compares our DetGain-based data curation with var-
ious existing sampling metrics on COCO val2017. In addi-
tion to loss- and gradient-based indicators commonly used
in early studies [21, 33], we include recent loss-learnability
approaches [13, 36, 47], as well as entropy-based and hy-
brid entropy—diversity criteria widely applied
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Table 4. Comparison of online sampling metrics on COCO val 2017. We report COCO Val AP for three representative students. Each method selects
the top 20% samples from a 64-image super-batch with data augmentation. DetGain shows consistent and stable improvements across all architectures,
whereas loss- or gradient-based metrics exhibit large variations due to their dependency on optimization design. For a fair comparison, all selection metrics

adopt the same online-selection style from the super-batch of each iteration.

Faster R-CNN - Res50

FCOS -Res50 ATSS - Res50

Sampling metric APg APy, AP, AP APg APy, AP, AP AP AP, AP, AP
Uniform (baseline) 21.3 40.9 48.5 37.3 229 41.8 48.2 38.2 233 432 49.6 39.4
GradNorm [21] 22.1 41.5 47.7 37.4 23.7 42.0 47.7 38.4 24.2 43.1 49.4 39.3
Loss (hard mining) [33] 23.7 40.3 44.7 36.3 20.9 37.9 43.8 34.5 24.7 41.6 44.6 37.7
Cls. Entropy [35] 19.6 38.4 47.5 34.8 23.1 40.6 43.2 36.6 235 40.6 47.7 37.0
Entropy, Info., Diversity [35] 22.6 414 47.8 375 224 40.8 459 37.1 22.7 41.7 48.3 38.2
Image-AP [58] 23.3 42.3 49.8 38.3 24.2 43.4 50.7 394 24.7 43.6 51.5 40.0
Loss-learnability [13, 36] 23.6 425 50.1 389 22.0 414 49.6 38.1 259 443 51.5 404
DetGain (ours) 244 44.1 50.8 40.0 26.0 45.0 51.1 40.9 26.1 45.5 53.1 41.6

Table 5. Complementarity between DetGain and Knowledge Distilla-
tion. Results on FCOS—Res50 [45]. DetGain achieves performance com-
parable to modern KD methods [5, 48] and can be combined with them
for further improvement. Unlike KD, DetGain requires no architectural or
loss modifications and is less sensitive to teacher strength.

Teacher DetGain KD AP

N.A X X 38.5

FCOS-Res50 v X 40.8 (+2.3)
FCOS-Res101 v 41.1 (+2.6)
FCOS-Res50 X PKD 38.2 (-0.3)
FCOS-Res101 X PKD 40.9 (+2.4)
FCOS-Res50 X CrossKD 39.2 (+0.7)
FCOS-Res101 X CrossKD 41.1 (+2.6)
FCOS-Res101 v PKD 41.7 (+3.2)
FCOS-Res101 v CrossKkD 42.2 (+3.7)

in active learning for object detection [35, 50]. We also
incorporate the image-wise AP metric proposed by [58]. All
methods are run in the same online framework with batch-
wise sampling and strong augmentation (not offline selec-
tion). For image-wise AP, we define a learnability signal
as the teacher—student difference in per-image AP. Unlike
this discrete, local metric, DetGain estimates each image’s
continuous marginal contribution to global mAP.

Empirically, DetGain delivers higher absolute accuracy
and markedly more stable gains across diverse detectors
and optimization objectives. Loss-/gradient-based strate-
gies (e.g., hard mining, GradNorm) vary with the detec-
tor’s internal loss scaling and dynamics, and can fluctuate
when switching across anchor-based vs. anchor-free or one-
vs. two-stage designs. By directly targeting dataset-level
mAP, DetGain is architecture-agnostic and remains consis-
tent across loss formulations and model families.

4.5. Discussion with Knowledge Distillation

Tab. 5 further explores the relationship between DetGain-
based curation and existing KD methods that utilize the
pretrained teacher [4, 5, 48, 57]. With FCOS—Res50 un-
der a 2x schedule (matching the setting of CrossKD), Det-
Gain alone is comparable with state-of-the-art KD methods
(e.g., PKD [5], CrossKD [48]). Unlike KD methods, which
modify the loss function or introduces additional training
heads and feature-alignment modules, our method is non-
intrusive: it operates purely on the data level without alter-
ing the model architecture, training objective, or inference
procedure. This simplicity allows DetGain to be easily ap-
plied to any detector without code-level modification.
Compared with KD methods, DetGain is less sensitive to
the strength of the teacher. Even when the teacher and stu-
dent share the same architecture (e.g., ResNet-50), DetGain
remains effective, whereas KD performance drops signifi-
cantly with weaker teachers. Importantly, DetGain and KD
are complementary: KD transfers feature-level knowledge,
while DetGain enhances sample-level quality. Combining
the two is equal to training the student on the most informa-
tive samples while aligning the internal representations.

5. Conclusion and Limitations

For object detection, we propose the first data-efficient
online curation pipeline that pairs strong augmentation
with DetGain-based subsampling to select informative sam-
ples aligned with the model’s current state. DetGain is
model-agnostic and consistently improves multiple detector
families, while remaining robust under noisy annotations,
pseudo-labels, and when combined with KD methods. Lim-
itations include added training time from the pre-sampling
stage. Moreover, the data augmentation used in this study
is relatively naive and could be further improved. We leave
these directions for future investigation toward more effi-
cient and adaptive online training for object detection task.
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