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ABSTRACT: Average precision (AP) is an aggregate detector metric and does not identify which annotated ground-
truth instances remain unmatched across repeated evaluations during training. Existing hard example mining and
sampling strategies usually define difficulty at the image, proposal, class, or loss level and do not retain recurrent
object-level failures after post-processing as a data-scheduling signal. ReMiss uses missed-object history as a training-
time data scheduling signal without changing detector architecture or loss. MissBank records each ground-truth
instance’s miss status, miss-count history, and localization and confidence diagnostics. Hard Replay (HR) assigns
priorities to full images containing currently missed objects based on miss counts and matching gaps, then schedules
those images into later epochs under a replay budget. We evaluate ReMiss on KITTI, BDD100K, Cityscapes, and
nulmages with fully convolutional one-stage object detection (FCOS), Faster R-CNN, and detection transformer with
improved denoising anchor boxes (DINO), yielding 12 dataset-detector pairs. Across the full replay-ratio sweep, all 36
dataset-detector-ratio configurations improve upon the No-HR diagnostic baseline, with a minimum gain of +0.22
AP (sign test, p <107'%); under a replay ratio fixed in advance at 5.0%, all 12 pairs improve by +0.64-+2.17 AP.
Selecting the HR setting by validation mean average precision (mAP), reported at mAPsq.95, yields +1.03-+2.23 AP.
These results support missed-object history as an architecture- and loss-agnostic scheduling signal across the evaluated
detector families, with a measured 13%-27% increase in training time over the training-only baseline and no additional
inference cost.

KEYWORDS: Object detection; missed detection; ReMiss; MissBank; hard replay; hard example mining; autonomous
driving; DINO

1 Introduction

Object detection is a core perception function for autonomous driving and intelligent transportation
systems [1-3]. Driving-scene detectors must continuously localize perception-relevant objects, including
vehicles, pedestrians, cyclists, and traffic infrastructure. This task is complicated by long-range viewpoints,
small objects, partial occlusion, dense layouts, motion blur, illumination changes, and class imbalance [4].
Although modern detectors achieve strong average benchmark performance, aggregate metrics alone do
not fully describe perception-level failure patterns [5-7]. Two detectors with similar mean average precision
(mAP) can differ substantially in which ground-truth objects they detect reliably and which annotated
instances are absent from the final predictions.
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This paper defines recurrent missed detection as an annotation-instance history rather than video
tracking. Across offline mining snapshots, the same annotated training instance is recurrently missed when
no same-class prediction in the detector’s final prediction interface matches it after post-processing. The
final prediction interface is the set of boxes, labels, and scores used for evaluation; a miss occurs when no
same-class prediction satisfies both the confidence-score and intersection-over-union conditions. Repeated
misses for small pedestrians, distant vehicles, or partially occluded targets expose perception-level failures
that aggregate average precision (AP) can obscure [4,6]. Thus, driving-scene training benefits from tracking
not only image- or class-level difficulty, but also object-level failures that persist after final post-processing.

Many existing training strategies address this gap only indirectly. Sampling, reweighting, and hard
example mining help emphasize difficult samples or imbalanced classes, but they usually define difficulty at
the proposal, loss, or class level [8-10]; Section 2.3 reviews this family in detail. These signals are useful for
optimization, but they do not preserve, across epochs, whether a particular ground-truth instance remains
unmatched after final post-processing. The signal considered in this work is object-level persistence: the
same annotated instance stays missed across multiple mining stages. This leaves a practical gap between
object-level failures observed in final predictions and the construction of the next epoch’ training data.

We propose ReMiss to carry this signal into training. ReMiss is a training-time framework that uses
missed-object history as a data scheduling signal without changing detector architecture or loss. MissBank
scans the base training data at offline mining stages and stores each ground-truth instance’s missed state
and temporal miss statistics. Hard Replay (HR) selects full images containing currently missed objects,
prioritizes them by repeated misses and matching gaps, and inserts replay samples into the next epoch under
an epoch-level budget. Because replay is image-level, scale, occlusion, surrounding clutter, and contextual
ambiguity are retained. Accordingly, missed-object history guides full-image exposure, while optimization
remains the detector’s standard objective and the Hard Replay settings used for the main comparisons are
selected by validation mAP5.os.

This design allows the same data-centric mechanism to be applied to the three detector families
evaluated in this study: fully convolutional one-stage object detection (FCOS), Faster R-CNN, and detection
transformer with improved denoising anchor boxes (DINO). MissBank and Hard Replay do not depend
on detector-internal features, auxiliary heads, or new optimization objectives. They use only final boxes,
labels, scores, and a MissBank matching rule. We evaluate this setting on four driving-scene datasets: KITTI,
BDDI100K, Cityscapes, and nulmages. The validation-selected results show that missed-object history can
serve as a detector-agnostic data scheduling signal, while the replay-ratio sweep shows that the effect varies
by dataset, detector, replay ratio, missed-object pool, and replay budget. Runtime analysis measures the cost
of adding offline mining and replay.

The contributions of this work are fourfold. First, we formalize recurrent missed detection as a missed-
object history signal: a ground-truth instance is not matched to any final prediction across multiple mining
snapshots. Second, we implement this signal through MissBank, an instance-level memory that records
missed states and matching diagnostics during offline mining. Third, we design Hard Replay, a data-layer
sampler that assigns persistence-aware priorities to full images containing currently missed objects and
schedules them into the next epoch’s training stream. Fourth, we evaluate ReMiss on KITTI, BDD100K,
Cityscapes, and nulmages with FCOS, Faster R-CNN, and DINO, characterizing validation-selected gains,
replay-ratio sensitivity, diagnostic MissBank behavior, and runtime overhead. The first contribution is what
separates ReMiss from existing difficulty-aware and replay-based training: the signal is defined at the final
prediction interface and attached to an individual ground-truth instance, rather than to a loss value, a
proposal, a class, or an example. Table 1 in Section 2.5 sets this against the alternatives.
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2 Related Work
2.1 Driving-Scene Object Detection and Benchmarks

Object detection for autonomous driving and intelligent transportation is directly tied to localizing
perception-relevant objects in real road scenes. KITTI established an early benchmark for autonomous-
driving perception using images and sensor data collected from a driving platform [1]. Cityscapes highlighted
the complexity of urban scene understanding through finely annotated street scenes [11]. BDD100K expanded
this setting with large-scale driving videos across diverse locations, weather, and time-of-day conditions [2].
nuScenes and nulmages further broadened perception research by providing multimodal sensor data and
image-level 2D annotations under diverse driving conditions [3,12].

These benchmarks enable detector comparison through AP and recall-oriented metrics, while
diagnostic analyses explain how detection errors arise after evaluation [6,7]. Such diagnostics are valuable
for interpreting false positives, localization errors, and missed objects, but they are typically retrospective
rather than part of the training data schedule. ReMiss adopts this diagnostic viewpoint at training time: it
records which annotation instances remain unmatched under the detector’s final prediction interface and
uses that history as a scheduling signal, without redefining the benchmark metric.

2.2 Detector Families and Post-Processed Prediction Interfaces

Modern object detectors have developed across two-stage, one-stage, and transformer-based families.
Faster R-CNN combines a region proposal network with a detector head and remains a representative
two-stage detection pipeline [13]. FCOS is an anchor-free and proposal-free one-stage detector that provides
a simple dense-prediction formulation [14]. The detection transformer (DETR) reformulates detection
as set prediction with a transformer encoder-decoder and bipartite matching [I15]. Deformable DETR
improves convergence and spatial resolution through deformable attention [16], and DINO improves DETR-
style training with denoising training, query selection, and box refinement [17]. Subsequent query-based
detectors continue along the same interface: Co-DETR adds collaborative one-to-many assignments [18],
and RT-DETR removes non-maximum suppression from the real-time regime [19]. These developments
concern assignment, query construction, and efficiency, and leave unchanged the property ReMiss relies on,
namely that the detector exposes a final set of boxes, labels, and scores. DINO is therefore used here as the
representative of this family, not as its most recent member.

These detector families differ in architecture, candidate generation, matching, and optimization.
Two-stage and one-stage detectors produce final box sets after score thresholding, non-maximum
suppression, and top-k filtering, whereas DETR-style detectors expose final boxes, labels, and scores after
set-prediction training and matching. ReMiss does not attempt to make these internals identical. Instead, it
observes the final prediction interface used for evaluation and downstream use. In this sense, ReMiss is not a
new detector head, backbone, query mechanism, or loss objective; it is a data scheduling procedure attached
to detectors that provide final boxes, labels, and scores.

2.3 Difficulty-Aware Training and Data Scheduling

Handling difficult and imbalanced samples has long been central to detector training. Online hard
example mining selects high-loss proposals during region-based detector training to focus optimization on
more informative examples [8]. Focal Loss down-weights well-classified examples so that dense one-stage
detectors are not dominated by large numbers of easy negatives [9]. Class-Balanced Loss uses the effective
number of samples for reweighting in long-tailed distributions [10], and LVIS emphasizes the long-tailed
visual recognition setting where rare categories have few training examples [20]. Gradient Harmonizing
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Mechanism and Libra R-CNN address detector-training imbalance through gradient-distribution balancing
and through sample-, feature-, and objective-level balancing [21,22]. PISA focuses training on prime samples
under the premise that not all samples contribute equally to mAP [23].

These methods share an important motivation with ReMiss: detector training benefits from emphasizing
difficult cases. The contrast is that conventional hard-example and imbalance-aware methods usually define
difficulty through losses, gradients, proposals, class frequencies, mini-batch composition, or estimated
sample contribution. These signals act inside the optimization process, whereas ReMiss observes the detector
after final post-processing and matching. It therefore preserves a different kind of difficulty signal: recurrence
across mining snapshots for annotation instances that remain unmatched at the final prediction interface.
ReMiss is complementary to hard example mining rather than a replacement for it.

Curriculum learning and self-paced learning are related because they adjust sample order or presen-
tation frequency [24,25]. Example forgetting and dataset cartography further show that model behavior
observed during training can reveal which examples are unstable, easy, or ambiguous [26,27]. These works
motivate using training dynamics as data signals, but their typical unit of analysis is the example or
classification behavior rather than a post-processed detection miss for a specific ground-truth box. The
reported evaluations are correspondingly on classification benchmarks, and the intervention runs in the
opposite direction to replay: forgetting statistics are used to remove examples rather than to reschedule
them [26].

A more recent data-centric line makes the selection itself the object of study, pruning training data by
difficulty scores balanced against coverage of the data distribution [28-32]. This line is close to ReMiss in
spirit, since both intervene on the data rather than on the objective. Its decision variable is which examples to
keep in a reduced dataset, whereas ReMiss keeps the dataset fixed and decides how often to re-expose images.
Its scores are also attached to whole examples and recomputed at each selection step instead of accumulated,
so no record persists of which annotated object the detector failed to produce.

Within detection specifically, coreset selection has been adapted to the fact that one image carries
many annotated objects of differing value [33], and active-learning work selects images for annotation under
uncertainty and label-noise criteria [34]. These are the closest existing counterparts, but their image score
is a property of the current model state, not a history, and both target annotation cost or dataset size, not
re-exposure within a fully labeled dataset.

Stated in terms of what each family retains and what it discards, the gap becomes concrete. Curriculum
and self-paced methods keep no record of which objects remained undetected once an example has been
consumed. Loss-, gradient-, and proposal-level methods retain a difficulty value only for the update in which
itis computed, and define it before post-processing, so an instance suppressed by non-maximum suppression
need not register as difficult. Forgetting-based analyses and dataset cartography do retain a temporal record,
the closest prior signal to ours, but it describes classification behavior for an example and does not identify
which object was lost. What ReMiss retains is exactly the quantity these methods discard: for each annotated
instance, whether the detector’s own final prediction set explained it, accumulated over mining snapshots.

Active learning and subset selection are related through informative sample selection, but they usually
target annotation acquisition from an unlabeled pool or select a labeled subset for training efficiency [35,36].
From a data-centric Al perspective, model behavior is affected not only by architecture but also by training-
data construction, quality, and use [37]. ReMiss assumes a fixed labeled detection dataset. Its scheduling
signal is not annotation utility or global sample representativeness, but the history of ground-truth instances
that repeatedly remain unmatched under the detector’s own final prediction interface.
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The difference is one of operating regime, and it is visible in the protocols these methods report.
Active learning for detection is evaluated while the labeled budget is still growing [36,38], and an acqui-
sition function has no residual definition once every image is labeled; subset selection runs in the same
direction [33]. ReMiss operates where those methods terminate, with the full labeled split already in use, and
reallocates exposure within it rather than choosing what to label or what to keep.

2.4 Replay and Memory-Guided Training

Replay and memory-guided training are broad strategies that re-expose informative samples to improve
learning efficiency or stability. Prioritized Experience Replay reuses reinforcement-learning transitions
according to importance within a replay memory [39]. iCaRL uses exemplar memory for class-incremental
learning to mitigate forgetting of previous classes while learning new ones [40]. These studies show that
memory or replay buffers can act not only as storage, but also as training signals that determine which
samples are revisited.

In object detection, replay and memory mechanisms have been studied most often under continual or
incremental detection, where new classes or tasks arrive over time and the model must preserve performance
on previously learned categories. Early incremental object detectors use distillation to reduce catastrophic
forgetting when old training data are unavailable [41]. Later studies analyze detection-specific complications
such as missing annotations and background conflicts [42], and adapt distillation and exemplar replay
to transformer-based detectors [43]. Continual object detection surveys therefore frame replay around
stability—plasticity trade-offs, task boundaries, old/new class balance, and annotation incompleteness [44].

Replay-oriented detection methods also differ in what they store and revisit. RODEO uses compressed
scene-level representations for online object detection [45], while Augmented Box Replay stores foreground
boxes to address foreground shift in incremental detection [46]. Other incremental detection methods use
pseudo-object replay, mining, or diffusion-based generative replay to reduce forgetting without retaining
all original data [47,48]. These approaches treat replay partly as a memory-compression problem under
continual or incremental learning constraints.

Although ReMiss uses the term replay, it does not adopt the continual-learning or reinforcement-
learning setting. It does not address task sequences, old-class retention, new-class plasticity, policy learning,
or compressed exemplar storage. MissBank stores lightweight annotation-instance records, and Hard Replay
revisits the original full images that contain currently missed objects. ReMiss replay is therefore better viewed
as memory-guided data scheduling within a fixed supervised detection task: its contribution is the conversion
of missed-object history observed at the final prediction interface into next-epoch sampling decisions.

The same retain-and-discard reading separates ReMiss from the replay literature. Prioritized experience
replay retains a priority-weighted buffer, but it is defined over reinforcement-learning transitions whose
temporal-difference error has no counterpart in supervised detection. Exemplar- and distillation-based
incremental detectors retain a compressed subset of previously seen data, protecting knowledge that was
acquired and is at risk of being overwritten when the task distribution shifts. Our setting contains no
task sequence and no distribution shift: the dataset is fixed and fully labeled throughout training, and the
objects ReMiss targets were never acquired in the first place, so the failure is persistent non-acquisition, not
forgetting. This is why the memory it maintains is an instance-level miss record, not an image buffer.

2.5 Positioning of ReMiss

Table 1 summarizes the preceding comparison along three axes: where the difficulty signal is defined,
what unit the signal is attached to, and where the method intervenes in training. Under those axes ReMiss is
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the only entry that combines a post-processed final-prediction signal, a ground-truth instance miss history,
and epoch-level data scheduling while leaving the detector architecture and the loss function unchanged.

Table 1: Positioning of ReMiss relative to difficulty-aware training, curriculum, and replay methods. ReMiss uniquely
combines a post-processed final-prediction signal, an instance-level miss-history unit, and epoch-level data scheduling
without modifying detector architecture or loss.

Method Sign.al Signal Unit Rec?rrence Interv.ention Arch/Loss
Location History Point Change
Mini-batch
& L
OHEM [8] Loss (proposal) Proposal No selection 0SS
Focal Loss [9] Loss (dense) Anchor No Loss reweighting Loss
GHM [21] Grad1.ent Anchor/ No Loss reweighting Loss
density proposal
R Clgl;\ll'a[ 2] 1;;[1;1&21::;1 Proposal No Training pipeline  Arch + Loss
Est. mAP
PISA [23] ot mA Proposal No Loss reweighting Loss
contribution
Class- Class frequenc Class No Loss reweightin Loss
Balanced [10] 4 Y CHE
Curriculum/SPL Sample Presentation
E 1 i \
[24,25] difficulty xample Ordering only order None
Forgetting/ Tralmr.lg Example Yes Data ane.llys1s/ None
Cartography [26,27] dynamics selection
Data pruning/ .
Dataset subset
Coreset Dclg:l;:iw: Example No as:f:ctsiznse None
[28-30] 8
Core.set for Aggregated Image No Dataset .T:ubset None
detection [33] object value selection
. . . A .
Active learning Uncert'alnty/loss Image No nnc?t'c.lt.lon None
[34-36] estimate acquisition
Prioriti
R:)(i;;fl[z; 9d] TD-error RL transition Yes (buffer)  Replay sampling  (RL setting)
iCaRL/ Class/task
E 1 Ye 1 li Distillati
Incremental [40,41] boundary xemplar es (memory) Replay sampling istillation
Final
T-i Epoch-level
ReMiss (ours) prediction GT-instance Yes poch-level data None

interface

miss history

schedule
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Two consequences follow. First, the comparison is one of complementarity rather than substitution:
because ReMiss does not modify the objective, it can be applied on top of loss-level hard example mining
or reweighting, for which Section 4.7 reports the evidence the evaluation carries. Second, the distinguishing
property is the combination of the three axes, not any single column of Table 1; individual entries share one
or two axes with ReMiss, but none shares all three.

3 Method
3.1 Overview

ReMiss is a training-time framework that converts recurrent missed detections observed through a
detector’s final prediction interface into an epoch-level data scheduling signal. Let the training dataset be
D = {(x;,G;)}X,, where x; is an image and G; is the set of ground-truth instances in image i. Each
ground-truth instance g € G; has a bounding box b, and class label c,. After detector-specific post-
processing, the detector wrapper exposes a final prediction set P; = fy(x;), where each prediction p € P;
has bounding box b, class label c,, and confidence score s,. We refer to this wrapper output as the final
prediction interface. ReMiss observes only this interface: MissBank does not inspect raw logits, candidates
before final post-processing, intermediate features, proposals, queries, or loss terms.

The training workflow has three stages. First, the detector is trained on the base training loader under
the standard supervised detection objective. Second, at a scheduled mining stage, the detector is switched
to inference mode, gradient computation is disabled, and the full base training set is scanned to compare
P; with G;. We use three distinct terms for offline mining: a mining stage is the configured scheduler point
at which mining is triggered, a mining pass is the no-gradient inference scan of the base training loader at
that stage, and a mining snapshot is the MissBank state immediately after that pass. The detected/missed
state and matching diagnostics for each ground-truth instance are stored in MissBank. Third, before the
next training epoch begins, Hard Replay selects images containing ground-truth instances that are currently
missed in the latest MissBank snapshot, computes priority from miss-count history and matching gaps,
and adds full-image replay samples to the training stream under an epoch-level replay budget. These replay
samples are additional image exposures in the next epoch’s data stream rather than replacements for base
samples. Because this study uses only the offline mining path, MissBank is not updated inside optimizer
steps, and neither the detector architecture nor the training loss is changed.

Fig. 1 summarizes the epoch-level loop of base training, no-gradient offline mining, MissBank update,
and Hard Replay scheduling.

Algorithm 1 describes the same loop as an epoch-level training procedure. In the method description,
epoch denotes the ReMiss scheduling unit associated with the base-loader pass used to define Njy,4, mining
snapshots, and replay budgets. Detector optimization may still be configured in optimizer iterations or in
epochs; ReMiss does not convert learning-rate milestones or stopping criteria between these units. When
replay samples are appended to the data stream, the resulting number of consumed mini-batches follows
the loader protocol used by the corresponding detector run. The matching rule, eligibility rule, and priority
score referenced in the algorithm are defined in the following subsections.
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Training samples
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Base Images
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Candidates Update
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Figure 1: Epoch-level ReMiss loop. After training with base and replay images, no-gradient mining evaluates the base
data, updates MissBank from final prediction-ground-truth matching, and selects replay candidates for the next epoch.

Algorithm 1: ReMiss epoch-level training loop

1. Initialize detector fy and an empty MissBank 5 indexed by annotation-level ground-truth instance keys.
2. For each training epoch e, train fy with the current data stream. The stream contains the base training

data and, after replay candidates become available, the scheduled full-image replay samples.
3.1f e is a mining epoch, freeze fy for no-gradient inference and evaluate every base training image x;.
Compare the final prediction set P{ with G; using the matching rule in Eq. (1); update B for every
ground-truth instance.
4. Before epoch e + 1, select eligible missed instances from the latest MissBank snapshot, aggregate them
into image-level replay candidates, compute replay priorities with Eq. (2), and sample up to the replay
budget in Eq. (3) subject to the exposure cap.
5. Interleave the selected full-image replay samples into the next epoch’s data stream while keeping the
detector forward path and loss unchanged.

If MissBank is empty, or if no ground-truth instance satisfies the replay eligibility rule, the current data
stream is identical to the base training loader. ReMiss inserts additional replay samples only after eligible
replay targets have been observed in the latest mining snapshot.

3.2 MissBank and Offline Miss Mining

MissBank B is an instance-level memory indexed by annotation-level ground-truth keys rather than by
images. For a ground-truth instance key g, its missed-object history is the ordered record, over completed
mining snapshots, of its detected/missed state and derived miss-count statistics. This is annotation-instance
history, not temporal tracking of the same physical object across video frames. For each ground-truth
instance g, MissBank stores static identifiers and annotation fields: image identifier, ground-truth identifier,
class label, and bounding box. It also stores the latest observed epoch, current missed state, consecutive miss
count, cumulative seen count, cumulative missed count, historical maximum consecutive miss count, and
confidence-score and IoU diagnostics for a representative same-class candidate chosen in the latest mining
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pass. This allows ReMiss to track whether an annotation-level instance, defined by image and ground-truth
identifiers, remains repeatedly missed, rather than globally reselecting “hard images.”

When a converted dataset does not provide persistent annotation identifiers, we use a tuple of image
identifier, class label, and the file-order index of the annotation within the same image in the fixed converted
annotation file. This key is defined before training and is used only to refer consistently to the same annotated
object across offline mining stages.

Offline miss mining is performed on the base training data D, not on the replay-augmented stream. This
design keeps each MissBank snapshot tied to the same base-data distribution rather than to the distribution
induced by replay. During the mining pass at stage e, a ground-truth instance g € G; in image i is marked
as detected when a final same-class prediction satisfies both the confidence-score threshold and the ground-
truth IoU matching condition:

3p € P; such that ¢, = g,

detected, =1 ’
etected, (g) Sp > Ts and IOU(bp> bg) 2 Tm

©)

where P! is the final prediction set for image i in the mining pass at epoch e, 7, is the confidence threshold
used for MissBank matching, and 7y, is the IoU threshold used by MissBank matching. The threshold 7,
does not replace the detector’s internal non-maximum suppression behavior. It is the MissBank matching
threshold used to decide whether a final prediction explains a particular ground-truth instance. Eq. (1) also
does not replace the one-to-one assignment used in official COCO-style evaluation [5-7]. We evaluate Eq. (1)
independently for each ground-truth instance, using the rule as a training-time diagnostic for recording
which instances remain repeatedly unmatched under the detector’s final prediction interface.

Independent evaluation means that in a crowded scene one prediction can satisfy the condition for
several neighboring ground-truth boxes, which a one-to-one assignment would not permit. The deviation is
conservative in the direction that matters for scheduling: more instances are marked detected than a one-to-
one rule would mark, so misses are under-recorded and the eligible replay pool shrinks. The independent rule
can therefore only omit a genuinely missed instance, never inject a falsely missed one, and since no AP value
in this paper is computed with Eq. (1), the consequence is a smaller replay pool, not a distorted evaluation. A
duplicate match moreover changes the MissBank state only for an instance that has no individual matching
prediction of its own; when such a prediction exists, Eq. (1) is satisfied by it and the duplicate is immaterial.
How often the situation is geometrically admissible at all is bounded by the annotations alone: testing every
same-class pair in the four training splits, the fraction of annotated instances belonging to at least one pair
that admits a common box at IoU > 7, ranges from 11.1% on BDD100K to 35.6% on Cityscapes, which is a
ceiling on what is admissible rather than an observed duplicate-match rate.

The divergence from a one-to-one assignment is correspondingly one-signed: such a rule can only
enlarge the missed-GT pool, never introduce a spurious missed instance. Measurement shows the divergence
to be small. Reconstructing the missed-GT pool under greedy and under Hungarian one-to-one assignment
from the same stored predictions enlarges it on every dataset-detector pair, as the argument requires. The
largest increase over any pair is 4.51 percentage points of annotated instances under greedy matching and
3.54 points under Hungarian matching. Under an identical replay budget the resulting replay image sets
overlap those selected under Eq. (1) with a Jaccard index of 0.9227 or above. The replay stream is the only
channel through which the matching rule can affect training, and it is left largely intact.

Unless stated otherwise, 7, is set equal to the confidence filtering configuration used by the detector
wrapper to create the final prediction set. MissBank therefore applies its matching rule to the final predictions
exposed by the wrapper, without searching raw logits, low-score proposals, or detector-internal candidates.
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The score condition in Eq. (1) is retained so that the MissBank matching rule is explicit. Although the
formulation permits a separate confidence threshold, this study ties 7 to the wrapper score filter reported in
the implementation details. Under this setting, the confidence-gap term defined later in Eq. (2) is primarily
active when the final prediction set contains no same-class prediction. In that case, MissBank records 3, = 0.

If detected,(g) =1, MissBank marks the current missed state of the instance as false and resets its
consecutive miss count to zero. Otherwise, it marks the current missed state as true and updates the
consecutive miss count, cumulative missed count, and historical maximum consecutive miss count. At the
same time, MissBank selects a representative diagnostic candidate p; among same-class final predictions
that is closest to satisfying the joint score-IoU condition in Eq. (1). When a same-class final prediction exists,
Py = argmaxpepe:c,—c, min(IoU(bp, by) /Tm, sp/75), and MissBank records iy = IoU(b):, by) and $¢ = s,
If no same-class final prediction exists, MissBank records i, = 0 and $, = 0. These diagnostics distinguish
instances with no same-class final candidate from instances for which a same-class final candidate exists but
no single prediction simultaneously satisfies both the score and localization conditions.

3.3 Replay Target Eligibility and Priority

Hard Replay does not replay every instance that has ever been missed. A ground-truth instance g is an
eligible replay target for the next epoch only if it is marked missed in the latest mining snapshot. Persistence
affects priority, not eligibility: a newly missed instance may enter the replay pool with low priority, while
an instance with a long previous miss history is excluded if it is detected in the latest snapshot. Rather
than filtering recurrent misses with a separate fixed threshold, ReMiss directly incorporates consecutive,
cumulative, and historical-maximum miss counts into Eq. (2). The priority score is therefore a scheduling
heuristic over eligible replay targets, not a loss term or a separate detection objective.

The priority for an eligible target combines miss persistence and matching gaps. In our implementation,
we use the following fixed heuristic:

n(g) = mg+0.25Mg + 0.1m,** @)

+ max (0, T, — fg) +0.25max(0, 75 - g ),

where my is the current consecutive miss count, Mg is the cumulative missed count, and m?ax is the
historical maximum of the consecutive miss count across mining stages. The values i, and 3, are the IoU
and confidence score of the representative same-class diagnostic candidate p, selected in the latest mining
pass. The two gap terms act as [1y, — ly], and [7; — §,]4; if the representative candidate already exceeds
the localization or confidence threshold, the corresponding gap does not increase the priority. Under the
wrapper-filtered final prediction sets used in this study, the confidence gap is mainly active when no same-
class final prediction is present; it is retained in the formulation for implementations that expose lower-score
final candidates. Eq. (2) is not proposed as an optimal priority function. It is a fixed scheduling heuristic that
adapts the role of importance signals used in prioritized replay and hard-sample selection to detector-output
history [8,23,39]. The count terms intentionally emphasize recurrent misses, while the bounded gap terms
provide auxiliary information about how close the best final same-class prediction is to the joint matching
condition in Eq. (1).

The coefficients in Eq. (2) are not tuned values. They are chosen so that the count terms, unbounded
non-negative integers weighted 1.0 > 0.25 > 0.1, dominate the two gap terms. The gap terms are bounded
by construction and, with 7, = 0.5 and 7, = 0.1 (Section 4.3), contribute at most 0.525 in total, below the
increment of 1.0 produced by a single additional consecutive miss. They therefore act as tie-breakers among
instances with identical miss statistics rather than reordering instances across consecutive-miss levels, a
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structural property holding for any weights with a, 7, + 4,75 < 1. The same coeflicient set is used for all four
datasets and all three detectors, and the component-level ablation in Section 4.6 measures what each term
contributes when removed.

3.4 Hard Replay Scheduling

An image i becomes a replay candidate if it contains at least one eligible target. The image-level priority
I1; is computed by summing 72(g) over eligible targets in that image. This aggregation increases the chance
of replaying an image that contains multiple currently missed targets, especially targets with larger missed-
object history priorities. Images without eligible targets are not included in the Hard Replay candidate pool.
The replay unit is therefore the full image, while eligible ground-truth instances determine the image-level
priority. Summation is used rather than a maximum or an average because it is the aggregation consistent
with this replay unit: a single replay exposure trains on every eligible target the image contains, so the value of
replaying an image grows with the number of currently missed targets in it. A maximum would discard that
multiplicity, and an average would penalize crowded scenes, which is the opposite of the intended behavior
in dense driving imagery. The multiplicity is not marginal where it matters: the mean number of eligible
missed targets per replayed image, obtained from the replay diagnostics reported in Section 4.6, ranges from
1.00 on KITTIL, where the three aggregations nearly coincide, to above 7 in every Cityscapes and BDD100K
CNN configuration. A head-to-head retraining comparison of the three aggregations is left as future work
(Section 4.7).

For a replay ratio p, ReMiss defines the requested epoch-level replay budget by using the number of
base samples consumed by the base training loader in one epoch, denoted Nj,q:

B, = [pNigad] - (3)

Here, Njo.q is not necessarily the nominal number of images in the original dataset. It is the number of
base samples actually consumed during one epoch by the base training loader before Hard Replay is added
in a given dataset-detector run. In a standard one-pass loader, Nj,,q4 equals the number of base training
images, but detector-specific preprocessing, resolution, batch/device configuration, and loader construction
can make the epoch sample count differ from the nominal image count. Thus, p and B, define a replay budget
relative to each run’s base-loader epoch, not a raw dataset-size ratio across detectors.

The scheduler samples candidate images according to image-level priority and adds the selected full-
image replay samples to the next epoch’s data stream. These replay samples are additional image exposures
relative to the base loader rather than replacements for base images: an HR epoch contains the base-loader
samples plus up to B, replay samples, subject to candidate availability and the exposure cap. With the same
batch size, consuming these additional samples can increase the number of mini-batch optimizer updates
relative to the training-only baseline under an epoch-based loader. Under a fixed-iteration schedule the total
number of optimizer updates is unchanged, and replay instead alters which samples those updates consume.

For a candidate pool C, we use the image-level priority distribution g; = IT;/ ¥ ;¢ I1j. We also apply
an instance-level exposure cap so that a small number of high-priority missed objects or images do not
dominate the replay stream; in all experiments, this cap is four replay exposures per ground-truth instance
per epoch. During replay scheduling, the scheduler maintains an exposure counter for each eligible replay
target. Candidate images are sampled from the image-level priority distribution, and an accepted image
contributes one full-image replay sample. After acceptance, the exposure counters of the eligible replay
targets contained in that image are incremented. A candidate is admissible only while accepting it does not
violate the per-instance exposure cap for its eligible replay targets. Sampling stops when the requested budget
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is filled or no admissible candidate remains, so the actual replay count Byctual can be smaller than B,. We
therefore report both the requested replay ratio p and the effective replay ratio Bactyal/Nioad-

Replay samples use the same annotations, preprocessing, and augmentation pipeline as base images;
missed objects are neither cropped nor assigned separate labels. Full-image replay preserves context, scale,
occlusion, and clutter around missed instances [4,49,50].

3.5 Detector Integration through a Common Prediction Interface

ReMiss is integrated outside the detector-specific forward path. Each detector wrapper provides a
normalized final prediction set consisting of boxes, labels, and scores after final post-processing, and
MissBank applies the matching rule in Eq. (1) to this common output format. Hard Replay uses only missed-
object histories stored in MissBank and data loader scheduling, rather than detector-internal tensors or loss
values. ReMiss is therefore applied to FCOS, Faster R-CNN, and DINO in this study without changing their
detector architectures, standard inference outputs, or training losses [13,14,17].

This integration does not imply universal compatibility with every detector. ReMiss requires an interface
that exposes final boxes, labels, and scores, and a training data stream into which full-image replay samples
can be added. For detectors that satisfy these requirements, MissBank matching and the Hard Replay
scheduler can be kept separate from detector internals. ReMiss is therefore positioned as a training procedure
that converts missed-object history observed through the final prediction interface into a data-centric
scheduling signal.

Fig. 2 combines the matching rule, MissBank state, priority scoring, replay sampling, and detector
integration into a detailed architecture view.

— GT Annotations
TD’::Z‘;;? f GT-Prediction Matching \
jons @ Misse GT Objects Matching Result
Detector Dy e
wil GT 17 Matched
¥ GT 451 Matched
Missed
Back Propagation - l
&
Weight Update / MissBank (GT-level Memory) \
T store temporal miss history for each GT object
Detector Dg
@ GT1 0 2 2 2 0.18 0.12
@ GT2 7 2 3 2 021 0.14
= - - @ GT3 2l 3 4 3 0.1 0.08
Input. Backbone Neck / FPN Detection Heads \ /
Replay-aware Batch Composer Hard Replay Sampler \ Priority Scorer \

sample full images by priority up to replay ratio

ﬁ ‘ETA -

Replay Images

Base Training Images

High

/ compute priority for each eligible missed GT /

2

Figure 2: Detailed ReMiss architecture: training path, prediction-ground-truth matching, ground-truth-instance-
level MissBank memory, priority scoring, and Hard Replay sampling. Missed-object history is passed to data-loader
scheduling without changing the forward path or loss.
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4 Experiments
4.1 Datasets

We evaluate ReMiss on four COCO-format driving-scene object detection datasets: KITTI, BDD100K,
Cityscapes, and nulmages [1-3,5,11,12]. All experiments use only 2D image bounding-box annotations.
For KITTI, we use a fixed internal train/validation split derived from the labeled training set and apply
the same split to all detectors. BDDIOOK uses 69,863 training images and 10,000 validation images at
1280 x 720 resolution. Cityscapes uses 2975 training images and 500 validation images at 2048 x 1024
resolution; for DINO, the same split is preprocessed to 1024 x 512. nulmages uses 67,279 training images and
16,445 validation images at 1600 x 900 resolution; for DINO, the same split is preprocessed to 1280 x 720.

All detector configurations use an aspect-ratio-preserving transform with a minimum size of 800 and a
maximum size of 1333. The resulting model inputs are approximately 1333 x 402-404 for KITTI, depending
on the original frame size; approximately 1333 x 750 for BDD100K and nulmages; and approximately
1333 x 667 for Cityscapes. During COCO-format conversion, dataset-specific class mappings, image IDs,
annotation IDs, bounding-box coordinates, areas, and category IDs are fixed so that MissBank instance keys
and COCO-style evaluation use the same annotation ordering.

4.2 Experimental Setup

For each dataset, we evaluate FCOS, Faster R-CNN, and DINO [13,14,17]. FCOS represents a one-stage
anchor-free detector, Faster R-CNN represents a two-stage detector, and DINO represents a transformer-
based detector. The performance comparison baseline is the No-HR MissBank diagnostic baseline (hereafter,
No-HR baseline), where offline MissBank mining is enabled but Hard Replay is disabled. In this setting,
offline MissBank mining is used only to collect missed-object statistics: it evaluates the base training data
without gradient updates and does not change the training stream, mini-batch contents, image exposure, or
optimizer steps. The No-HR baseline is therefore designed to leave training updates unchanged and serves
as the plain-baseline performance reference. Hard Replay variants keep the detector configuration fixed and
use replay ratios of 2.5%, 5.0%, and 7.5%, where the ratio defines an epoch-level budget for additional replay
image exposures. Runtime overhead is reported separately against a training-only baseline that excludes
diagnostic MissBank mining. These three detectors are chosen to span distinct training regimes rather than to
sample several members of one family. FCOS and Faster R-CNN are trained under fixed-iteration schedules
with anchor-free and anchor-based assignment respectively and produce final boxes after score thresholding
and non-maximum suppression, whereas DINO is a query-based set-prediction detector trained under an
epoch-based schedule with Hungarian matching and without non-maximum suppression. Because ReMiss
reads only the final prediction interface, the property under test is whether one shared configuration transfers
across these differing training regimes.

All ReMiss experiments use only the offline mining path. After the configured epoch, MissBank is
updated by evaluating the base training data through the detector’s final prediction interface. Before the next
training epoch begins, replay candidates are selected from the current MissBank snapshot. This protocol
keeps the detector architecture, loss function, and inference procedure identical between the baseline and
Hard Replay variants. For each dataset—detector pair, the No-HR baseline and all Hard Replay ratios use the
same validation-checkpoint rule. The Hard Replay ratio with the highest validation mAP5.95 is then used for
the main comparison, MissBank diagnostic comparison, and runtime summary, while the full replay-ratio
sweep is reported separately.
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4.3 Implementation Details

FCOS and Faster R-CNN use ResNet-50 backbones pretrained on ImageNet-1K with three trainable
backbone layers. Both CNN detectors are trained with SGD; the learning rate is 0.01 for FCOS and 0.02 for
Faster R-CNN. On KITTI, BDD100K, and nulmages, the two CNN detectors are trained for 90K iterations
with learning-rate milestones at 60K and 80K iterations. On Cityscapes, the CNN detectors use a compact
5K-iteration schedule with milestones at 3.5K and 4K iterations, reflecting the smaller training split and the
validation-checkpoint protocol used for that dataset. The batch size for both CNN detectors is 16.

DINO is initialized from the public COCO-trained DINO-4scale R50 checkpoint released in the DINO
repository and trained with AdamW at a learning rate of 1 x 10~*. Training lasts 12 epochs on KITTI and
Cityscapes and 24 epochs on BDD100K and nulmages, with a global batch size of 16 for all datasets and a
single learning-rate drop after epoch 11 and epoch 20, respectively. All training is performed on an NVIDIA
GeForce RTX 5090 GPU. Runtime is measured with the same GPU, batch size, data loader settings, and
validation-selected checkpoint protocol. Checkpoint saving, logging, and validation evaluation time are
excluded from per-epoch train/mining wall-clock measurements.

MissBank and Hard Replay use the same hyperparameters for all datasets. Offline-mining target
selection uses a score threshold of 0.1and an IoU threshold of 0.5, and the replay stage caps each ground-truth
instance at four replay exposures per epoch. The score threshold of 0.1and IoU threshold of 0.5 correspond to
7sand 7, in Eq. (1); they define whether a final same-class prediction explains the ground-truth instance, i.e.,
whether detected,(g) = 1. The replay exposure cap is separate from this detection rule and only prevents a
small number of hard ground-truth instances from occupying too much of the replay stream. The configured
mining epochs are treated as part of the run configuration rather than as adaptive decisions made during
training. For reproducibility, each run records the mining-epoch list, MissBank snapshot identifier, replay
candidate pool, requested replay budget, actual replay count, selected replay image identifiers, best-validation
checkpoint, evaluation log, and runtime log.

Every configuration reported in this paper is trained three times with the fixed random seeds 41, 42,
and 43, and all reported metric values are means over those three independent runs, which differ only in
the random seed. Best-checkpoint selection by validation mAP5.g5 is performed separately within each run
rather than shared across runs, so the reported mean averages three independently selected checkpoints.

This shared configuration is not the result of per-dataset tuning, and most of its entries are not free
hyperparameters. The matching threshold 7, = 0.5 follows the standard COCO APs, convention, and 7y is
tied to the detector wrapper’s score filter rather than varied independently. The four-exposure cap is read
as a sensitivity result through the replay-budget diagnostics in Section 4.6. The mining schedule is fixed as
part of the run configuration and is not adapted during training, so it cannot leak validation information
into the replay stream; a sweep over mining frequency and placement is left as future work. A single shared
configuration yields improvements in all 36 dataset-detector-ratio runs.

4.4 Evaluation Metrics

We use COCO-style bounding-box average precision [5]. mAPs¢.95 denotes COCO bounding-box AP
averaged over IoU thresholds from 0.50 to 0.95 in steps of 0.05, computed on the validation split with area = all
and maxDets = 100. When this section uses mAP without qualification, it refers to mAP5¢.95. AP35, AP75,and
average recall at maxDets =100 (AR;o) are used as auxiliary diagnostic metrics. All AP, AR, their differences,
and missed ground-truth (missed-GT) ratios are reported on the percentage scale, i.e., raw metric values
multiplied by 100. Unless stated otherwise, each reported run uses the best checkpoint selected by validation
mAP5.95; MissBank missed-GT statistics are reported as diagnostics of the replay signal, not as objectives
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or model-selection criteria. Unless stated otherwise, all AP and AR values, and all differences computed
from them, are means over the three fixed seeds of Section 4.3. The replay and MissBank diagnostics that are
instance or image counts are instead reported from the seed-42 run, so that they remain integers referring to
one concrete schedule. Significance is assessed across dataset—detector pairs rather than within a pair, since
three seeds give a per-pair test negligible power while twelve repetitions would introduce an uncontrolled
multiple-comparison problem. Two-sided sign tests and paired Wilcoxon signed-rank tests are therefore
reported over the 12 dataset—detector pairs, and over the 36 dataset-detector-ratio runs where the full sweep
is in question.

4.5 Results

Table 2 compares the No-HR baseline with the Hard Replay result selected by validation mAP5.95
among the three replay ratios for each dataset-detector pair. Under this validation-selected protocol, the
selected Hard Replay setting for every reported pair obtains higher validation mAP5.95 than the baseline. The
largest selected gain appears for DINO on BDD100K, where validation mAP increases from 25.06 to 27.29. All
three KITTI detectors also improve under their selected settings, although the selected replay ratio differs by
architecture. On Cityscapes, the selected gains are more moderate than the largest DINO gains, highlighting
variation with the density and persistence of the mined missed-object pool. For DINO on nulmages, HR-
2.5% is selected and validation mAP increases from 27.11 to 29.31. The replay-ratio sweep below analyzes how
these validation-selected outcomes vary across replay budgets.

Table 2: Validation-selected main results. Baseline AP is the No-HR baseline; Best HR AP is selected by validation
mAPs.95 among the evaluated replay ratios for each dataset-detector pair. Both are three-seed mean + standard
deviation. The last two columns are selection-independent, read from the sweep in Table 3: a ratio fixed at 5.0%, and
the least favorable of the three evaluated ratios per pair.

Dataset Detector Baseline AP Best HRAP A AP BestRatio Fixed-5.0% A AP  Worst-Ratio A AP
KITTI FCOS 58.06 + 0.21 59.55 + 0.43 +1.49 2.5% +1.01 +0.62
KITTI Faster R-CNN 60.21 + 0.28 62.19 + 0.32 +1.98 5.0% +1.98 +1.02
KITTI DINO 70.99 + 0.24 72.90 + 0.38 +1.91 2.5% +0.87 +0.24
BDDI100K FCOS 18.50 + 0.18 19.86 + 0.23 +1.36 2.5% +1.33 +1.26
BDDI100K Faster R-CNN 16.85 + 0.20 18.38 + 0.21 +1.53 7.5% +1.04 +0.99
BDDI00K DINO 25.06 £ 0.19 2729 £ 0.24 +2.23 2.5% +2.17 +1.54
Cityscapes FCOS 24.50 + 0.38 25.53 + 0.41 +1.03 7.5% +0.86 +0.22
Cityscapes  Faster R-CNN  30.10 £ 0.44  31.34 + 0.48 +1.24 7.5% +1.00 +0.61
Cityscapes DINO 33.16 £ 0.37 34.52 £ 0.43 +1.36 7.5% +0.99 +0.41
nulmages FCOS 18.54 + 0.25 19.86 + 0.33 +1.32 7.5% +1.21 +0.64
nulmages  Faster RRCNN 1737 + 0.22 18.48 + 0.27 +1.11 7.5% +0.64 +0.64
nulmages DINO 2711 £ 0.26 29.31 £ 0.29 +2.20 2.5% +1.04 +0.60

Mean - - - +1.56 - +1.18 +0.73

Across the 24 standard-deviation entries of Table 2 the seed-to-seed dispersion ranges from 0.18 to
0.48 AP, and in every dataset—detector pair the selected gain exceeds the larger of the two standard deviations
by a factor of at least 2.5. The Hard Replay arm is the more dispersed of the two in every pair, but by a margin
at least six times smaller than the corresponding gain.

Because the replay ratio is chosen on the same validation split on which the result is reported, the

validation-selected column is not an independent estimate of generalization, and the conclusion is stated
below in a form that does not depend on that choice. In the complete sweep of Table 3 all 36 configurations
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improve over the No-HR baseline, with a minimum of +0.22 AP and a mean of +1.16 AP (p ~ 2.9 x 107!
under both tests over the 36 runs). A ratio fixed in advance at any of the three evaluated values improves
all 12 pairs, and 5.0% has the strongest worst case and is recommended as a single fixed rule. Taking for
each pair the least favorable ratio still improves all 12. Ratio selection can therefore change the magnitude
of the reported improvements but not their presence, and validation usage is otherwise symmetric between
the arms (Section 4.2). A fully independent protocol would partition the labeled training data into training,
ratio-selection, and evaluation subsets; since the test annotations of all four benchmarks are withheld, this
would shrink the training split and render absolute AP values incomparable with published results, and it is
left as future work.

Table 3: Hard Replay ratio ablation. AP is mAP5.95, and A AP is relative to the No-HR baseline.

Dataset Detector HR Ratio AP APs5¢ AP75 ARj0 A AP
KITTI FCOS 2.5% 59.55 83.63 66.34 68.30 +1.49
KITTI FCOS 5.0% 59.07 8716 65.00 66.73 +1.01
KITTI FCOS 7.5% 58.68 87.82 66.88 67.67 +0.62
KITTI Faster R-CNN 2.5% 61.99 8715 67.96 6751 +1.78
KITTI Faster R-CNN 5.0% 62.19 85.81 68.50 67.95 +1.98
KITTI Faster R-CNN 7.5% 61.23 87.00 66.21 67.32 +1.02
KITTI DINO 2.5% 72.90 93.23 84.05 83.03 +1.91
KITTI DINO 5.0% 71.86 92.99 82.44 82.73 +0.87
KITTI DINO 7.5% 71.23 93.17 83.55 82.88 +0.24

BDD100K FCOS 2.5% 19.86 36.99 18.28 32.18 +1.36
BDDI100K FCOS 5.0% 19.83 36.98 18.12 3212 +1.33
BDDI100K FCOS 7.5% 19.76 36.82 18.06 32.06 +1.26
BDDI100K Faster R-CNN 2.5% 17.84 35.36 16.28 28.42 +0.99
BDD100K Faster R-CNN 5.0% 17.89 35.31 16.28 28.27 +1.04
BDDI100K Faster R-CNN 7.5% 18.38 35.38 16.14 28.28 +1.53
BDDI100K DINO 2.5% 2729 46.42 26.98 53.07 +2.23
BDDI100K DINO 5.0% 2723 46.81 26.97 50.82 +2.17
BDDI100K DINO 7.5% 26.60 45.95 26.43 52.43 +1.54
Cityscapes FCOS 2.5% 24.72 50.41 22.59 39.07 +0.22
Cityscapes FCOS 5.0% 25.36 49.92 23.13 38.80 +0.86
Cityscapes FCOS 7.5% 25.53 49.86 22.63 39.37 +1.03
Cityscapes Faster R-CNN 2.5% 30.71 56.94 28.24 4115 +0.61
Cityscapes Faster R-CNN 5.0% 3110 56.99 28.54 41.80 +1.00
Cityscapes Faster R-CNN 7.5% 31.34 5758 29.24 42.00 +1.24
Cityscapes DINO 2.5% 33.57 56.06 32.80 54.11 +0.41
Cityscapes DINO 5.0% 34.15 56.74 32.41 54.89 +0.99
Cityscapes DINO 7.5% 34.52 5735 32.80 53.31 +1.36
nulmages FCOS 2.5% 19.18 33.18 19.36 34.95 +0.64
nulmages FCOS 5.0% 19.75 34.17 19.32 34.59 +1.21
nulmages FCOS 7.5% 19.86 34.34 19.39 34.63 +1.32
nulmages Faster R-CNN 2.5% 18.37 3172 17.93 28.29 +1.00
nulmages Faster R-CNN 5.0% 18.01 31.73 17.43 28.47 +0.64
nulmages Faster R-CNN 7.5% 18.48 31.85 17.86 28.64 +1.11
nulmages DINO 2.5% 29.31 45.31 30.81 58.05 +2.20
nulmages DINO 5.0% 28.15 45.54 30.70 56.88 +1.04

nulmages DINO 7.5% 27.71 44.92 30.23 58.87 +0.60
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Table 4 reports replay controls matched by requested ratio, comparing ReMiss-HR with random image
replay and uniform sampling from the missed-object candidate pool. It also defines a comparison setting
matched by optimizer updates for DINO. The random replay control samples training images at the same
requested replay ratio as the selected ReMiss-HR setting in Table 2. The uniform-missed control uses the
MissBank missed-object candidate pool but samples it uniformly, without the priority in Eq. (2). Because
the controls in Panel A are matched by requested replay ratio, cases limited by the replay budget should be
interpreted together with the effective-ratio diagnostics in Table 5. Exposure-only denotes a DINO control
with the same logged total number of added optimizer updates as ReMiss-HR but without MissBank-guided
replay; in Panel B, Added Updates reports optimizer-update counts, while the ReMiss-HR and Exposure-only
columns report validation A AP relative to the No-HR baseline.

Table 4: Mechanism decomposition of the replay signal. A AP values are relative to the No-HR baseline. Panel A
separates the factors that could produce the gain, matched by requested replay ratio: added exposure alone (random),
a difficulty signal without miss history (uniform-missed), and the full priority (ReMiss-HR). Panel B matches added
optimizer updates for DINO. A AP values are three-seed means; Added Updates is from the seed-42 run (Section 4.4).

A. Decomposition by Replay Content, All Detectors

Dataset Detector Selected HR Ratio ReMiss-HR A AP Random A AP Uniform-Missed A AP
KITTI FCOS 2.5% +1.49 -0.06 +0.25
KITTI Faster R-CNN 5.0% +1.98 +0.23 +0.61
KITTI DINO 2.5% +1.91 +0.75 +1.22
BDDI100K FCOS 2.5% +1.36 +0.07 +0.24
BDDI00K Faster R-CNN 7.5% +1.53 +0.44 +1.02
BDDI100K DINO 2.5% +2.23 +0.68 +1.99
Cityscapes FCOS 7.5% +1.03 -0.50 +0.31
Cityscapes Faster R-CNN 7.5% +1.24 +0.15 +0.48
Cityscapes DINO 7.5% +1.36 +0.11 +1.33
nulmages FCOS 75% +1.32 -0.09 +0.23
nulmages Faster R-CNN 7.5% +1.11 -0.02 +0.53
nulmages DINO 2.5% +2.20 +1.32 +2.01

Mean - - +1.56 +0.26 +0.85

B. Optimizer-Update-Matched Control, DINO Only

Dataset Detector Selected HR Ratio Added Updates ReMiss-HR A AP Exposure-Only A AP
KITTI DINO 2.5% +72 +1.91 +0.49
BDD100K DINO 2.5% +2052 +2.23 +0.31
Cityscapes DINO 75% +72 +1.36 -0.20
nulmages DINO 2.5% +2014 +2.20 +0.16
Mean - - - +1.93 +0.19

Table 5: Replay-budget utilization across Hard Replay runs. Effective Ratio is Actual Replay divided by the base-loader
epoch size; Budget Fill is Actual Replay divided by Requested Replay. All entries are counts and ratios from the seed-42
run, not seed averages (Section 4.4).

Dataset Detector HR Effective Requested  Actual Budget Unique Active  Exposure/

Ratio Ratio Replay Replay Fill Images Missed GT Missed GT
KITTI FCOS 2.5% 2.5% 149 149 1.00 81 92 1.772
KITTI FCOS 5.0% 5.0% 299 299 1.00 142 177 1.977
KITTI FCOS 7.5% 7.5% 448 448 1.00 155 162 3.037

(Continued)



13 Comput Mater Contin. 2026

Table 5 (continued)

Dataset Detector HR Effective Requested  Actual Budget Unique Active  Exposure/

Ratio Ratio Replay Replay Fill Images Missed GT Missed GT

KITTI Faster R-CNN 2.5% 0.7% 149 40 0.27 10 10 4.000

KITTI ~ Faster R-CNN 5.0% 0.7% 299 40 0.13 10 10 4.000

KITTI  Faster R-CNN 7.5% 1.9% 448 112 0.25 27 28 4.000

KITTI DINO 2.5% 2.5% 149 149 1.00 48 50 3.240

KITTI DINO 5.0% 5.0% 299 299 1.00 97 104 3.298

KITTI DINO 7.5% 1.9% 448 116 0.26 29 29 4.000
BDDI100K FCOS 2.5% 2.5% 1746 1746 1.00 1702 2,96,372 0.049
BDDI100K FCOS 5.0% 5.0% 3493 3493 1.00 3310 2,95,129 0.098
BDDI100K FCOS 7.5% 7.5% 5239 5239 1.00 4883 2,93,172 0.141
BDDI00K Faster R-CNN 2.5% 2.5% 1746 1746 1.00 1710 2,17,110 0.057
BDDI100K  Faster R-CNN 5.0% 5.0% 3493 3493 1.00 3281 2,16,840 0.115
BDDI00K  Faster R-CNN 7.5% 7.5% 5239 5239 1.00 4838 2,19,463 0.172
BDDI100K DINO 2.5% 2.5% 873 873 1.00 834 40818 0.085
BDDI100K DINO 5.0% 5.0% 1746 1746 1.00 1593 15314 0.222
BDDI100K DINO 7.5% 7.5% 2619 2619 1.00 2311 29860 0.240
Cityscapes FCOS 2.5% 2.5% 74 74 1.00 68 12955 0.071
Cityscapes FCOS 5.0% 5.0% 148 148 1.00 136 12596 0.140
Cityscapes FCOS 7.5% 7.5% 223 223 1.00 210 12736 0.183
Cityscapes Faster R-CNN 2.5% 2.5% 74 74 1.00 68 6977 0.095
Cityscapes Faster R-CNN 5.0% 5.0% 148 148 1.00 137 6871 0.219
Cityscapes Faster R-CNN 7.5% 7.5% 223 223 1.00 202 7823 0.270
Cityscapes DINO 2.5% 2.5% 37 37 1.00 35 1821 0.091
Cityscapes DINO 5.0% 5.0% 74 74 1.00 66 1797 0.198
Cityscapes DINO 7.5% 7.5% 11 111 1.00 97 2246 0.252
nulmages FCOS 2.5% 2.5% 1681 1681 1.00 1592 84942 0.109
nulmages FCOS 5.0% 5.0% 3363 3363 1.00 3069 83514 0.212
nulmages FCOS 7.5% 7.5% 5045 5045 1.00 4408 82908 0.310
nulmages Faster R-CNN 2.5% 2.5% 1681 1681 1.00 1574 59072 0.137
nulmages Faster R-CNN 5.0% 5.0% 3363 3363 1.00 301 63046 0.240
nulmages Faster R-CNN 7.5% 7.5% 5045 5045 1.00 4282 62697 0.373
nulmages DINO 2.5% 2.5% 841 841 1.00 708 3018 0.414
nulmages DINO 5.0% 5.0% 1682 1682 1.00 1209 2962 0.826
nulmages DINO 7.5% 7.5% 2523 2523 1.00 1639 3123 1.239

Fig. 3 visualizes the changes relative to the baseline in Table 2. Under the validation-selected replay-
ratio protocol, all 12 dataset-detector pairs show positive validation A AP under the selected settings. The
largest selected improvements occur for transformer-based DINO on BDD100K (+2.23 AP) and nulmages
(+2.20 AP); the smallest individual selected gain is Cityscapes FCOS (+1.03 AP), and Cityscapes has the
smallest mean selected gain across detectors (+1.21 AP).

Since every configuration in the sweep improves, the validation-selected column quantifies how much
a ratio choice adds rather than whether the effect is present. Replay-budget utilization helps interpret why
the largest requested ratio is not always best. Except for the KITTI cases where Budget Fill is below 1.00, the
effective replay ratio equals the requested ratio in Table 5; all BDD100K, Cityscapes, and nulmages runs have
Budget Fill = 1.00. On KITTI Faster R-CNN, and on KITTI DINO at 7.5%, the small active missed-object
pool together with the four-exposure cap limits the effective replay ratio, so an intermediate requested ratio
can outperform the largest ratio.
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Figure 3: Validation-selected A AP for Hard Replay relative to the No-HR baseline.

These utilization figures also serve as a sensitivity analysis for the exposure cap, which is otherwise
shared across all datasets without a dedicated sweep. The cap of four exposures per instance per epoch limits
the total replay volume only in the four KITTI runs identified above. In the remaining 32 configurations the
requested budget is filled exactly, so whatever the cap rejects is substituted by another eligible image, not lost.
Realized exposures also stay below a quarter of the cap in 26 of the 36 runs. The most strongly constrained
setting is nonetheless not the one that suffers: KITTI Faster R-CNN at 5.0% fills only 13% of its requested
budget, yet attains the largest margin over the ratio-matched random control in Table 4. Relaxing the cap is
therefore not indicated by these diagnostics.

Panel B of Table 4 shows that the exposure-only DINO A AP gains are much smaller than the ReMiss-
HR gains on every dataset (mean +0.19 vs. +1.93A AP, with Cityscapes exposure-only at —0.20), so for
DINO the selected gains are not explained by additional optimizer exposure alone. Panel A separates the
remaining factors.

Panel A decomposes the mechanism rather than serving only as a set of sanity controls. Random replay
adds image exposures at the same requested ratio with no difficulty signal. Uniform sampling from the
MissBank pool adds a difficulty signal but no miss history, and is therefore generic hard-sample resampling
under a matched replay budget. ReMiss-HR additionally uses recurrence history and matching gaps. The
three levels are strictly ordered as random < uniform-missed < ReMiss-HR in all 12 dataset-detector pairs,
each step giving p ~ 4.9 x 10~* under both tests. Averaged over the pairs, additional exposure accounts for
+0.26 AP, the missed-object pool for a further +0.59 AP, and recurrent missed-object history for a further
+0.71 AP, the last being the component specific to the contribution of this paper. That margin is smallest for
DINO on BDD100K, Cityscapes, and nulmages and largest for the eight CNN pairs, so the priority ordering
matters most where the candidate pool is least selective.

Panel B is reported for DINO alone because that is the setting in which additional optimizer updates
can plausibly matter. The CNN detectors are trained to a fixed iteration budget, so replay enlarges each epoch
and correspondingly reduces the number of epochs, leaving the total number of updates unchanged. DINO
is instead trained to a fixed epoch budget. For the CNN detectors the matched comparison is instead the
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random-replay condition of Panel A, which fills the same number of replay slots with uninformative content
in seven of the eight selected settings. Aggregated over the eight pairs it yields +0.03 AP against +1.38 AP
for ReMiss-HR, which isolates replay content rather than replay volume as the operative factor. Every run is
additionally evaluated at its own best validation checkpoint (Section 4.4), so a longer schedule cannot raise
the reported baseline. Figs. 4 and 5 plot the corresponding validation curves, sampled on a fixed evaluation
grid, so a plotted maximum can fall slightly below the best-checkpoint value reported in Table 2.
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Figure 4: Validation mAP5.95 vs. iteration for the CNN detectors: No-HR baseline (black, dashed) against validation-
selected Hard Replay (blue, solid). Stars mark each curve’s best checkpoint; dotted lines mark the learning-rate
milestones.
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Figure 5: Validation mAPs.95 vs. epoch for DINO, plotted as in Fig. 4; the dotted line marks the single learning-rate
drop. KITTI and Cityscapes are sampled every epoch, BDD100K and nulmages every second epoch.

Fig. 6 qualitatively compares the detection outputs of the No-HR baseline and the validation-selected
Hard Replay model on representative dataset—detector pairs. These examples complement the AP results
by showing how replay-guided training can change final predictions in driving scenes. The rows are
organized by failure mode rather than by dataset, and each row header names the mode that the panel
is selected to illustrate: distant and small-scale targets (KITTI, Faster R-CNN), heavily occluded targets
(nulmages, FCOS), recurrently missed targets (Cityscapes, DINO), and dense, mutually occluding traffic
(BDD100K, DINO). Green boxes are ground truth, red boxes are baseline predictions, and blue boxes are
Hard Replay predictions.
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Figure 6: Qualitative detection comparison between the No-HR baseline (left) and validation-selected Hard Replay
(right). Green boxes denote ground truth; red boxes are baseline predictions and blue boxes Hard Replay predictions,
with confidence labels. Rows are organized by failure mode, named in each row header. Selection criterion and split are
given in Section 4.5.

The panels are not chosen by comparing the two prediction sets: in every row the selection was made
from the No-HR baseline outputs alone. The recurrently missed row is drawn from the ground-truth
instances the baseline failed to detect at every mining snapshot, and is necessarily a base-training-split image,
since MissBank never observes the validation split. The recovery it shows is the intended consequence of
having replayed that instance, not an independent result. Evidence on held-out data is carried by the other
three rows, which are validation images, and by the validation AP of Tables 2 and 3.

Across the four rows Hard Replay recovers annotated instances that the baseline leaves unmatched. The
effect is not a uniform increase in the number of predictions: in the recurrently missed row Hard Replay also
drops the two low-confidence false positives that the baseline places on the bollards in front of the targets. It
is not free of false positives either, and in the dense row several instances of the distant vehicle cluster remain
unmatched for Hard Replay as well, which shows the limit of the method.
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A figure of this size illustrates the mechanism but cannot establish that it operates over a population; the
corresponding population-level measurement is Table 6, which compares missed-GT ratios and persistent
missed-GT counts against the No-HR baseline over every annotated instance of the mined split. That
diagnostic is measured on the base training data by construction (Section 3.2), so it is not interchangeable
with the validation AP that carries the generalization evidence, nor is it a restatement of the replay
schedule, since persistent missed-GT counts increase in several settings in which AP nevertheless improves
(Section 4.6). Object size is the one attribute the four benchmarks define identically, and Table 7 decomposes
the gain along it. All three COCO area buckets improve in every pair (p ~ 4.9 x 10~* each), but small objects
gain least in all 12, at roughly half the medium and large gains. Replay therefore converts near-misses on
larger objects more readily than it recovers small ones. Occlusion and distance are not decomposed, since
these benchmarks do not record them in a uniform, comparable form.

Table 6: MissBank diagnostic snapshot for validation-selected Hard Replay. Missed-GT ratios and persistent missed-GT
counts are computed over the base training split scanned by offline mining and are compared with the No-HR baseline;
persistent counts are MissBank history diagnostics and should not be interpreted as subsets of the Active Missed GT
replay pool in Table 5. A AP is relative to that baseline. Missed-GT ratios and persistent counts are from the seed-42
run; A AP is the three-seed mean of Table 2.

Base Missed HR Missed A Missed Base Persistent HR Persistent A Persistent

Dataset  Detector HR GT(%)  GT(%)  GT(pp)  Missed GT  Missed GT  Missed GT AP
KITTI FCOS HR-2.5% 0.27 0.28 +0.01 75 45 -30 +1.49
KITTI Faster R-CNN HR-5.0% 0.08 0.03 -0.05 11 5 -6 +1.98
KITTI DINO HR-2.5% 0.14 0.15 +0.01 35 16 -19 +1.91

BDD100K FCOS HR-2.5% 22.87 22.66 -0.21 2,72,662 2,68,614 —-4048 +1.36
BDDI100K Faster R-CNN HR-75% 16.85 17.22 +0.37 1,87,927 1,81,742 —6185 +1.53
BDD100K DINO HR-2.5% 2.87 4.80 +1.93 29942 40943 +11001 +2.23
Cityscapes FCOS HR-75% 19.50 22.69 +3.19 10239 11581 +1342 +1.03
Cityscapes Faster R-CNN HR-75% 13.19 13.94 +0.75 6273 6349 +76 +1.24
Cityscapes DINO HR-75% 9.04 7.97 -1.07 2101 2496 +395 +1.36
nulmages FCOS HR-75% 14.64 14.87 +0.23 74288 73183 —1105 +1.32
nulmages Faster R-CNN HR-75% 10.96 11.24 +0.28 54117 51812 -2305 +1.11
nulmages DINO HR-2.5% 1.38 1.05 -0.33 3800 2834 -966 +2.20

Table 7: Scale-stratified validation AP for the validation-selected Hard Replay setting. APg, APy, and AP are the
COCO area buckets (<322, 322-96%, and >96° pixels), from the same COCOeval pass that produces Table 2. The first
three columns are the No-HR baseline; the last three are differences relative to it. All values are three-seed means.

Dataset Detector APg APy AP; A APg A APy A AP|
KITTI FCOS 55.89 60.42 55.70 +1.26 +1.50 +3.15
KITTI Faster R-CNN 59.45 61.08 60.27 +1.03 +2.29 +2.17
KITTI DINO 63.93 70.45 75.80 +0.32 +2.71 +1.28

BDDI100K FCOS 9.66 2739 33.34 +0.45 +1.56 +1.24
BDDI100K Faster R-CNN 9.04 24.83 31.58 +0.68 +1.88 +1.68
BDDI100K DINO 13.80 34.63 48.02 +1.78 +2.69 +2.87
Cityscapes FCOS 6.68 22.94 39.18 +0.36 +1.23 +1.17
Cityscapes Faster R-CNN 10.25 27.95 45.22 +0.87 +1.25 +0.94
Cityscapes DINO 16.93 4418 61.34 +1.23 +1.39 +1.29

(Continued)
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Table 7 (continued)

Dataset Detector APg APy AP; A APg A APy A AP
nulmages FCOS 9.24 19.53 25.03 +0.81 +1.12 +1.36
nulmages Faster R-CNN 9.79 17.61 23.79 +0.72 +1.15 +1.04
nulmages DINO 17.59 30.65 46.16 +1.26 +1.99 +2.64

Mean - - - - +0.90 +1.73 +1.74
Pairs improved - - - - 12/12 12/12 12/12

4.6 Ablation, Diagnostics and Runtime

Table 3 reports the full Hard Replay ratio ablation with AP, AP5y, AP;5, AR;o9, and A AP relative to
the No-HR baseline for each dataset-detector pair. Table 5 reports replay-budget utilization at the best-
validation checkpoint for each Hard Replay run. Budget Fill is the actual number of replay samples divided
by the requested replay budget; when the active missed-object pool is not large enough to fill the requested
budget, the effective ratio can be lower than the requested ratio. Because replay is performed at the image
level, a replayed image can expose multiple active missed-GT instances at once. Exposure/Missed GT is
therefore an average object-exposure statistic: it divides the total replay object exposures induced by selected
images by the number of active missed-GT instances, rather than counting one isolated object crop per
replay sample.

Table 8 reports the component-level ablation of the priority function, in which each term of Eq. (2)
is deleted in turn and the run repeated. Table 6 aligns MissBank diagnostics for the selected Hard Replay
settings against the No-HR baseline and reports how missed-GT ratio and persistent missed-GT counts
change with AP. Table 9 summarizes runtime overhead for the same Hard Replay settings used in the
MissBank diagnostic comparison, relative to the training-only baseline. In Table 9, Base Train is the training-
only baseline epoch time, Mining Pass is the no-gradient base-loader scan time, and HR Total includes HR
training plus amortized mining cost.

Table 8: Priority-component ablation. Entries are three-seed mean A AP relative to the No-HR baseline, and Drop is
the full priority minus the variant. Uniform-missed samples the same eligible pool without any priority.

KITTI Cityscapes nulmages BDD100K
Priority Variant  Faster R-CNN FCOS Faster R-CNN DINO Mean Drop Share
5.0% 7.5% 7.5% 2.5%
Full priority, Eq. (2) +1.98 +1.03 +111 +2.23 +159 - -
Uniform-missed +0.61 +0.31 +0.53 +1.99 +0.86 073 100%
(no priority)
Single-term deletion
7 without m, +0.73 +0.45 +0.60 +2.03 +0.95 0.64 87%
7 without 0.25M, +1.63 +0.89 +0.91 +2.16 +1.40 0.9 26%
7 without 0.1m" ™ +1.89 +0.92 +0.91 +2.15 +147 012 16%
n without IoU gap +1.97 +1.02 +1.09 +2.22 +1.58  0.01 2%
7 without +1.96 +1.04 +110 +2.20 +158 001 2%
confidence gap
Block deletion
Gap terms only
(count block +0.63 +0.40 +0.52 +1.97 +0.88  0.71 97%
removed)

(Continued)
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Table 8 (continued)

KITTI Cityscapes nulmages BDD100K
Priority Variant Faster R-CNN FCOS Faster R-CNN DINO Mean Drop Share
5.0% 7.5% 7.5% 2.5%
Count terms only
(gap block +1.95 +1.01 +1.13 +2.25 +159  0.00 0%

removed)

Table 9: Runtime overhead for validation-selected hard replay, with the column definitions given in the text. The last
column reports the validation A AP of Table 2 per 10% of added training time.

Dataset Detector HR Base HR Mining HR Total Overhead A
Ratio  Train(s) Train(s) Pass(s) (s) (%)  AP/+10%
KITTI FCOS 2.5% 71.28 72.75 48.65 82.27 +15.42 0.97
KITTI Faster R-CNN 5.0% 83.53 85.23 51.54 95.32 +14.11 1.40
KITTI DINO 2.5% 70.23 71.69 26.32 83.54 +18.96 1.01
BDDI100K FCOS 2.5% 1381.71 1401.18 1171.77 1752.71  +26.85 0.51
BDD100K Faster R-CNN 7.5% 1546.04 158776 ~ 1199.62  1887.66  +22.10 0.69
BDD100K DINO 2.5% 1532.37 155698  760.86 177436  +15.79 1.41
Cityscapes FCOS 7.5% 63.93 64.53 51.53 72.45 +13.34 0.77
Cityscapes Faster R-CNN 7.5% 69.49 72.87 52.92 81.02 +16.59 0.75
Cityscapes DINO 7.5% 46.13 48.34 23.75 58.23 +26.24 0.52
nulmages FCOS 7.5% 1308.01  1346.40  970.89  1623.80 +24.14 0.55
nulmages Faster R-CNN 7.5% 1422.66  1502.58 93540  1769.84  +24.40 0.45
nulmages DINO 2.5% 1425.00 1451.02 593.35 1624.08  +13.97 1.57

Fig. 7 and Table 3 show that Hard Replay is sensitive to replay ratio. In several settings, AP does not
increase monotonically with ratio. For example, KITTI Faster R-CNN peaks at the intermediate ratio (5.0%)
and drops at the largest ratio (7.5%), while BDD100K DINO decreases as the ratio grows and moves back
toward the baseline at 7.5%.

Other settings behave differently. BDD100K FCOS is nearly insensitive to ratio changes (AP 19.86 —
19.83 - 19.76), whereas the FCOS series for Cityscapes (24.72 — 25.36 — 25.53) and nulmages (19.18 —
19.75 - 19.86) increase with replay ratio. Table 3 confirms these trends quantitatively and includes several
non-selected ratios with smaller A AP than the selected setting. These patterns indicate that replay-ratio
effects are setting-dependent. Lower gains at non-selected ratios are consistent with interactions among
replay budget, active missed-object pool size, candidate-image diversity, and detector-specific optimization
behavior. The direction of the effect is nevertheless not setting-dependent: every ratio improves every pair.
What varies is the magnitude, so the replay ratio tunes the size of an already-positive effect; it does not
determine whether Hard Replay helps.
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Figure 7: Validation mAPs¢.95 across replay ratios. The baseline point denotes the No-HR baseline.

Because B, is computed from the logged base-loader epoch size Njyaq, the DINO rows on BDD100K,
Cityscapes, and nulmages can have smaller requested replay counts than the nominal dataset image counts
would imply.

Table 8 decomposes the priority function itself. For each variant we delete one term, or one block of
terms, from Eq. (2) and retrain from scratch under the identical shared configuration, the same validation-
selected replay ratio, and the same three seeds. No rescaling is applied after a deletion, since replay
selection depends on the priority only through the normalized image-level distribution q; of Section 3.4,
which a global rescaling would leave unchanged. The four pairs used are KITTI Faster R-CNN, Cityscapes
FCOS, nulmages Faster R-CNN, and BDD100K DINO, which cover all four datasets and all three detector
families. They also span the quantity being decomposed, including both the largest margin of ReMiss-HR
over uniform-missed in Table 4 and the low-margin DINO regime, at an average matching that over all
twelve pairs.

Three results follow. First, the count block carries the effect: removing all three count terms costs 0.71 AP
of the 0.73 AP that separates the full priority from uniform sampling of the same pool, and the consecutive
miss count alone accounts for 0.64 AP. Second, the two gap terms are inert, which confirms by measurement
what Section 3.3 establishes in closed form, namely that with a, 7, + a7, = 0.525 < 1 they cannot invert an
ordering fixed by the count terms. Third, the decomposition is stable: although the total priority contribution
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varies by a factor of 5.7 across the four pairs, the share attributable to the consecutive miss count remains
within 81%-91%. Two limits qualify the table. The individual contributions of M, and mg*** lie inside the
seed-to-seed spread of Table 2 for every pair taken separately, so no separate contribution is claimed for
either. Deleting m, also removes the term that sets the scale of the priority, making its single-term figure an
upper bound on its isolated contribution. The block rows are free of this effect, and the claim that the count
block carries the effect rests on them.

The MissBank diagnostics in Table 6 are taken from the mining snapshot associated with each selected
Hard Replay run and its corresponding No-HR diagnostic baseline. These missed-GT statistics describe the
state of the replay signal rather than quantities minimized by the training loss or used for model selection.
Missed-GT ratio, persistent missed-GT count, and Active Missed GT in Table 5 are related but distinct
diagnostics: Active Missed GT denotes the latest-snapshot replay-eligible missed pool used for scheduling,
whereas persistent missed-GT count is computed from MissBank miss history at the diagnostic snapshot.
AP can increase even when the missed-GT ratio or persistent count increases if confidence ranking or
localization quality improves [6,7].

Fig. 8 extends Table 6 by showing how persistent missed-GT ratio changes at each mining snapshot
throughout training. Each panel compares the No-HR baseline (dashed) and selected Hard Replay (solid) for
a dataset—detector pair. At each snapshot, persistent missed-GT ratio is computed conditionally over missed
ground-truth instances: the numerator is the number of currently missed MissBank-tracked instances that
satisfy the persistent-miss criterion, and the denominator is the number of currently missed MissBank-
tracked instances in that snapshot. It is therefore a persistence-within-misses diagnostic, not a missed-GT
ratio over all annotated instances. The relative position of the two curves at the same epoch is more
informative than their absolute level alone.
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Figure 8: Persistent missed-GT ratio among currently missed MissBank-tracked instances at mining snapshots.
Dashed curves show the No-HR baseline; solid curves show validation-selected Hard Replay.

For Faster R-CNN and DINO on KITTI, the Hard Replay curve moves below the baseline in subsequent
training, indicating fewer persistent misses under this conditional diagnostic. In BDD100K DINO and the
Cityscapes settings, the selected Hard Replay run does not consistently stay below the baseline even though
AP improves. This reflects that Hard Replay changes image exposure using missed-object history without
directly optimizing persistent missed-GT ratio.

Fig. 9 and Table 9 report runtime cost relative to the training-only baseline. Base Train is the per-epoch
training time without diagnostic mining. HR Train is the per-epoch training time with replay exposures.
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Mining Pass is the no-gradient scan of the base training loader used to update MissBank at a configured
mining stage. HR Total adds the amortized mining cost to HR Train, and Overhead reports the relative
increase of HR Total over Base Train.
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Figure 9: Per-epoch wall-clock cost for validation-selected Hard Replay. Base Train is training-only time; HR Total
includes HR training plus amortized mining cost.

The absolute added time is HR Total -Base Train. The reported percentage overhead divides this quan-
tity by Base Train. The amortized mining term is included in HR Total rather than shown as a separate table
column. This runtime overhead should therefore be interpreted as the relative difference between HR Total
and Base Train, not as the diagnostic mining cost of the No-HR baseline used for performance comparison.

Comparing HR Total with the training-only baseline runtime, the selected BDD100K settings incur
+15.8% to +26.9% runtime overhead. Across all selected settings, the overhead range is +13.3% to +26.9%.
The largest value occurs for BDD100K FCOS, where the no-gradient mining pass is close to the cost of a
base training epoch; Cityscapes DINO is close behind because the base training epoch is short relative to the
amortized mining pass.

Relating this cost to the accuracy it buys, the validation-selected A AP per 10% of added training time
averages 0.88 across the 12 pairs. It is most favorable for DINO on the two large datasets, where the mining
pass is cheap relative to a base training epoch and the AP gain is largest. This cost is incurred entirely
at training time: because ReMiss modifies neither the architecture, the loss, nor the inference path, and
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MissBank is discarded once training ends, the deployed detector is a standard detector and its inference cost
is unchanged.

4.7 Discussion and Future Work

The experiments clarify both the utility and the operating scope of ReMiss. Missed-object history
provides a detector-agnostic scheduling signal that improves validation mAP5.95 in every configuration
evaluated, so obtaining an improvement does not require tuning the replay ratio. The sweep in Table 3
nevertheless shows that the size of the improvement varies with the active missed-object pool, candidate-
image diversity, detector, and dataset. The replay budget is therefore worth tuning on validation data when
the last few tenths of AP matter, while a ratio fixed in advance suffices to obtain the effect.

The MissBank diagnostics reinforce this operating scope. In some settings, persistent missed-GT counts
decrease together with AP improvements; in others, AP improves while missed-GT ratios or persistent
missed-GT counts increase. This pattern is consistent with using missed-object history to shape image
exposure rather than treating missed-GT counts as the training objective. Future replay policies could
therefore incorporate persistent misses, localization quality, confidence calibration, and AP-oriented ranking
effects more explicitly.

Because ReMiss operates on the data schedule and leaves the loss unchanged, loss-level difficulty
methods such as online hard example mining and Focal Loss are composable with it rather than alternatives
to it, and are therefore not included as competing baselines in Section 4.5. The evaluation carries indirect
evidence for this composability. FCOS and DINO classify with a focal or focal-style loss natively, whereas
Faster R-CNN uses standard cross-entropy, so the gains in Table 2 are obtained on top of loss-level difficulty
weighting in eight of the twelve dataset-detector pairs. The mean over those eight pairs is comparable to
that over the four cross-entropy pairs, and every pair in both groups improves. The effect is thus neither
confined to detectors that lack loss-level reweighting nor made redundant by its presence. A controlled
combination experiment, together with direct comparison against named loss-based, uncertainty-based, and
forgetting-event-based schedulers, remains future work.

To keep comparisons controlled across datasets and detectors, this study uses one shared ReMiss
configuration. The priority-score weights in Eq. (2), exposure cap, mining schedule, sampling policy, and
score and IoU thresholds in Eq. (1) are unchanged across experiments. MissBank updates occur at configured
offline mining stages, making the replay signal a stagewise snapshot of missed-object history rather than a
continuously refreshed state. Natural extensions include intra-epoch mining, a sweep over mining frequency
and placement, which this study fixes rather than varies, a head-to-head retraining comparison of sum,
maximum, and average image-level aggregation, for which Section 3.4 gives the design argument but not a
measurement, learned or adaptive replay priorities, and validation-aware replay-budget selection.

ReMiss uses stable annotation-instance keys to compare the same annotated object across mining
snapshots. When converted datasets do not provide persistent annotation identifiers, this study constructs

keys from image identifier, class label, and file-order index (Section 3.2); conversion procedures that preserve
stable annotation identities provide the cleanest interface for this tracking step.

Hard Replay also adds replay exposures and offline-mining passes, producing the +13.3% to +26.9%
runtime overhead reported in Table 9. The current evaluation is limited to 2D bounding-box detection on
driving-scene images. Extending ReMiss to 3D or multimodal perception, video-level temporal consistency,
multi-task perception, downstream planning, and safety-oriented evaluation is a promising direction
because missed-object histories can be defined for any prediction interface with stable instance-level
targets [3,12,51].
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5 Conclusion

We introduced ReMiss, a training-time framework that represents recurrent missed detections as
missed-object histories of ground-truth instances. ReMiss uses these histories as a data scheduling signal
without changing detector architectures or losses: MissBank records missed-object states during offline
mining, and Hard Replay prioritizes full images containing currently missed objects for later training
exposure.

Across 36 dataset-detector-ratio configurations spanning KITTI, BDD100K, Cityscapes, and nulmages
with FCOS, Faster R-CNN, and DINO, every configuration improves over the No-HR baseline, with a
minimum gain of +0.22 AP and a mean of +1.16 AP (two-sided sign test, p ~ 2.9 x 107'!). The conclusion
therefore does not depend on choosing a replay ratio: a ratio fixed in advance at 5.0% improves all 12
dataset—detector pairs by +0.64—-+2.17 AP, while selecting the ratio by validation mAPs.95 raises the range to
+1.03-+2.23 AP and is reported as a secondary quantity. These gains incur a measured 13%-27% increase in
training time over the training-only baseline. Reported values are means over three fixed random seeds, with
per-seed standard deviations of at most 0.48 AP (Table 2), and the 12-pair improvement is significant under
paired sign and Wilcoxon signed-rank tests (p ~ 4.9 x 107*). These results support missed-object history
as a detector-agnostic scheduling signal across the evaluated dataset-detector pairs, independently of the
replay-ratio selection.

This cost profile is asymmetric in a useful way: ReMiss acts only on the training data stream, and
MissBank is discarded once training ends, so the deployed model adds no inference-time latency, memory;,
or engineering surface relative to the same detector trained conventionally.

The operating scope set out in Section 4.7 delimits these conclusions: 2D bounding-box detection on
driving-scene imagery, one shared configuration throughout, and a miss history refreshed only at discrete
mining stages. The gain is also characterized by object size but not by other attributes: every size bucket
improves in all 12 pairs while small objects gain least (Table 7), whereas occlusion and distance are not
exposed in a uniform form by the evaluated benchmarks.

Within this operating scope, ReMiss turns recurrent missed-object histories into a practical detector-
agnostic training signal. The ratio sensitivity and MissBank diagnostics discussed in Section 4.7 motivate
adaptive replay policies, while the current results establish a baseline for applying missed-object-history
scheduling to broader perception settings.
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