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Novelty-Aware Frame Selection for Streaming Object Detection
A Centralized and Federated Study on Driving Data

OSCAR LINDBERG

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Modern vehicle fleets produce continuous camera streams, but training on every
frame is impractical under compute and bandwidth constraints. Many frames are
redundant, while frames from altered lighting conditions, adverse weather, or unfa-
miliar road contexts carry most of the adaptation signal. This thesis studies novelty-
aware frame selection for streaming object detection, where frames are scored by
Mahalanobis distance to a periodically refreshed reference Gaussian. A bootstrap
anchor keeps novelty tied to an initial urban daytime reference, and the scoring
snapshot, reference, and threshold are refreshed together so scores stay meaningful
as the detector evolves.

Using the Zenseact Open Dataset (ZOD) and an FCOS/ResNet-50 detector, the
method is evaluated in centralized streaming and in a four-client federated setting.
Each variant is paired with a random baseline at the same empirical acceptance
rate to isolate selection quality from data volume. Results show three consistent
patterns. The filter is domain-sensitive, with acceptance varying strongly across
stream conditions. Periodic refresh is essential for calibration; without it, the static
filter drifts from a 20% target acceptance rate to 77% and saturates on novel seg-
ments. At matched acceptance rate, detection gains are positive but modest. The
primary practical benefit is systematic per-domain coverage, with frames from novel
or under-represented driving conditions reliably prioritized over familiar content.
The federated setting reproduces the same three patterns.

Keywords: streaming object detection, active learning, novelty-aware frame selec-
tion, Mahalanobis distance, domain shift, federated learning.
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Introduction

1.1 Problem statement

Camera-based perception is central to modern driver assistance and autonomous
driving. Object detection—predicting class labels and bounding boxes for traffic
participants—is both a standard benchmark task and a practical system component.
Detectors are typically trained offline on a fixed dataset that is shuffled and revisited
for many epochs. This protocol is convenient, but it does not reflect deployment
settings in which data arrive continuously from a vehicle fleet. In such settings,
observations are ordered and often non-stationary across road type, lighting, and
geography, which is the characteristic regime of continual and streaming learning [1].
Training on every frame is also impractical because of compute, bandwidth, and
storage constraints.

Consider a fleet of vehicles, each equipped with a detector trained on a fixed dataset
during development. Once deployed, each vehicle encounters environments that may
differ substantially from the training distribution—highways at night, rural roads
in rain, unfamiliar urban layouts. Not every frame from these new environments
is equally informative: many are redundant with what the model already knows,
while others represent genuine domain shift. A practical system must decide, at the
edge, which frames are worth retaining for model improvement and which can be
safely discarded. This data selection problem calls for a novelty measure grounded
in the model’s current representational state, one that remains well-calibrated as
the model continues to learn.

This thesis studies nowvelty-aware frame selection for streaming object detection.
Incoming frames are scored by their Mahalanobis distance to a reference Gaussian
fitted on detector feature embeddings [2], and those whose score exceeds a calibrated
threshold are accepted for training. Novelty here refers to distributional deviation
in feature space: the filter responds to domain shift in appearance, lighting, and
road context. The bootstrap frames serve as a persistent anchor in the reference
distribution, while the scoring snapshot and reference are periodically refreshed so
that novelty remains well-defined as the detector adapts. The same mechanism is
evaluated both centrally and in a federated setting with multiple clients that each
observe a different slice of the stream.



1. Introduction

1.2 Research questions

This thesis addresses five research questions.

1. Does the distribution-based filter produce domain-sensitive acceptance, with
higher acceptance rates on stream segments that differ substantially from the
bootstrap domain and lower rates on segments that resemble it?

2. How does periodic refresh of the scoring snapshot and the reference distribution
affect the filter’s behavior over a long non-stationary stream, compared with
a static, bootstrap-only reference?

3. Among adaptive filter variants, how do the memory structure (sliding window
vs. reservoir) and the reference structure (single Gaussian vs. two-reference
min) shape acceptance behavior and detection quality, and what is the contri-
bution of the bootstrap anchor?

4. At matched empirical acceptance rate, does novelty-guided selection improve
overall and per-domain detection quality relative to random selection?

5. Does the same scoring mechanism transfer to a federated setting in which
each client observes a distinct slice of the stream? In particular, does the
filter produce calibrated, domain-sensitive acceptance rates per client across
rounds? And does novelty-guided selection improve detection quality relative
to random at matched acceptance rate in the federated setting?

1.3 Project setting

Experiments use the Zenseact Open Dataset (ZOD) Frames subset [3], which pro-
vides forward-facing RGB frames with 2D object annotations from real-world driving
across Europe. Three foreground classes are retained: Vehicle, Pedestrian, and
VulnerableVehicle. These cover the main traffic participants in the dataset and
vary substantially in prevalence across driving contexts, providing a natural signal
for domain shift.

Each stream begins with a fixed bootstrap prefix of 2000 urban daytime frames.
This prefix establishes the detector, the reference distribution, and the acceptance
threshold. The remainder of the training split is then streamed once under one
of two orderings: a curated ordering that arranges frames into thirteen contiguous
blocks, progressing from urban daytime conditions through weather, illumination,
and road-type shifts to a rural tail; and a temporal ordering that presents the same
frames in capture-timestamp order.

Accepted frames are enqueued in a small training buffer and used for gradient up-
dates. Adaptive filter variants periodically refresh the scoring snapshot, the refer-
ence, and the threshold together, while a static ablation freezes all three after boot-
strap. The federated counterpart partitions the post-bootstrap stream across four
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clients that collaborate via Federated Averaging [4]. The detector used throughout
is FCOS [5] with a ResNet-50 FPN backbone.

1.4 Contributions

This thesis makes both methodological and empirical contributions.

1. A novelty-scoring protocol for streaming object detection using Mahalanobis
distance to a reference built from bootstrap frames and a bounded memory of
accepted frames. The scoring snapshot, reference, and acceptance threshold
are recalibrated jointly at a fixed cadence, keeping novelty scores aligned with
the evolving detector while the bootstrap anchor keeps novelty grounded in
the initial training domain.

2. A systematic ablation of three design choices—memory structure (sliding win-
dow vs. reservoir), reference structure (single-reference Gaussian vs. two-reference
min), and bootstrap anchoring—and their individual effect on acceptance be-
havior and detection quality. Each variant is evaluated against a static-filter
ablation and volume-matched random baselines across two stream orderings
and a federated four-client setting, replicated over three random seeds, with a
supplementary sensitivity study on memory size (M = R € {1000,1500}).

3. An empirical analysis of how novelty-guided selection shapes acceptance be-
havior and detection quality under domain shift. Per-domain acceptance rates
and score distributions are reported alongside overall and per-domain detec-
tion metrics (COCO mAP, per-class AP), for both the streaming and federated
settings.

1.5 Thesis outline

Chapter 2 establishes the technical foundations—object detection, streaming and
continual learning, domain shift, Mahalanobis-distance novelty scoring, and feder-
ated averaging—and situates the approach in the broader literature. Chapter 3
specifies the complete experimental design: the ZOD dataset and stream construc-
tion, the filter policies and their refresh procedure, the federated extension, and the
evaluation protocol including the iso-accept comparison that isolates selection qual-
ity from data volume. Chapter 4 reports and interprets the empirical findings for
both the centralized streaming and federated settings, including a discussion of the
filter’s limitations in this detection setting. Chapter 5 summarizes the main findings
and contributions and discusses broader limitations and future directions.
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Background

This chapter introduces the technical concepts underlying the experimental design
in Chapter 3 and situates the approach in the broader literature.

2.1 Object detection fundamentals

Object detection is the task of localizing objects in an image and assigning a class
label to each localized instance. For road-scene perception, the objects of interest
typically include vehicles, pedestrians, cyclists, and traffic infrastructure.

A detector receives an image and returns a set of predictions

~

g = {(bl7éz7§1) i=1>

where b; is a predicted bounding box, ¢; is a class label, and §; is a confidence score.
During training, predictions are compared to ground-truth annotations to compute
classification and localization losses.

2.1.1 Architecture

Modern detectors are typically organized as a feature extractor followed by multi-
scale prediction. The feature extractor (backbone) computes hierarchical visual rep-
resentations, and a feature pyramid network (FPN) [6] merges these across scales
so that both small and large objects can be detected. Detection heads map each
pyramid level to class and localization outputs. This decomposition is important in
road scenes, where object scale varies widely with distance and camera perspective.

This thesis uses FCOS [5], a one-stage, anchor-free detector, with a ResNet-50 [7]
backbone. Unlike two-stage detectors such as Faster R-CNN [8], which first generate
region proposals and then classify them, FCOS produces class and localization pre-
dictions directly from dense feature maps without a separate region-proposal stage.
Each spatial location on each FPN level is treated as a candidate object center. For
each location, the model predicts class logits, four box offsets (I, ¢,r,b) relative to
that location, and a centerness score that down-weights low-quality predictions near
object boundaries. The final detection confidence combines class probability and
centerness.
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The anchor-free formulation eliminates manually designed anchor templates (the
aspect-ratio and scale combinations required by anchor-based detectors), which sim-
plifies training-time target assignment. Each location is assigned supervision based
on whether it falls inside a ground-truth box and whether the box scale is compatible
with that FPN level. At inference, dense predictions are aggregated across pyramid
levels and filtered by non-maximum suppression.

2.1.2 Evaluation metrics

Detection quality is measured with intersection over union (IoU) and average preci-
sion (AP). IoU measures overlap between a predicted and a ground-truth box. AP
summarizes detection quality for one class as the area under the precision—recall
curve, where precision is the fraction of predicted detections that are correct and
recall is the fraction of ground-truth objects that are detected. Mean AP (mAP)
averages AP across classes.

This thesis reports the COCO-style mAP of Lin et al. [9]: mAP averaged over the
ten ToU thresholds {0.50,0.55,...,0.95}, denoted mAP@[0.50:0.95], together with
the individual thresholds mAP@50 and mAP@75. Using multiple IoU thresholds
separates coarse detection quality from strict localization quality. mAP@50 is more
permissive and reflects class coverage, while mAP@75 is sensitive to box precision.
This distinction is relevant when analyzing selective training, because a policy may
improve class coverage without improving localization precision to the same degree.

2.2 Offline vs. streaming supervised learning

In conventional offline training, the dataset is a static pool; samples are shuffled
and reused for many epochs. This yields strong final accuracy but assumes repeated
access to all data and substantial compute budgets. In streaming training, data
arrive as a sequence and the learner processes items in order, typically with strict
limits on storage and revisits. The central question shifts from how to optimize over
a fixed pool to how to update efficiently as new data arrive. The streaming regime
overlaps conceptually with continual and online learning, where the learner must
fit a non-stationary distribution under bounded memory and without the ability to
revisit past data freely [1].

Single-pass processing is realistic for edge deployment. An embedded device in a
vehicle has limited storage, limited compute for retraining, and may face privacy
constraints that prevent retaining raw images. In such settings, each frame is pro-
cessed once and is either used for a local update or discarded.

The protocol in this thesis uses two phases. In the bootstrap phase, the model under-
goes multi-epoch training on a fixed initial prefix, establishing a capable detector
and an initial reference distribution for novelty scoring. In the online streaming
phase, the remaining stream is processed single-pass: each frame is scored, accepted
or rejected, and, if accepted, used for a gradient update before being discarded. The
bootstrap phase makes full use of an offline training budget before deployment, while

6
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the online streaming phase operates within the single-pass and storage constraints
of an in-service device.

2.3 Domain shift in road-scene data

Road-scene distributions vary substantially with driving context, including road
type (city, highway, and rural roads differ in layout, object density, and speed),
illumination (day, twilight, and night produce different contrast, color, and shadow
patterns), and weather (rain, snow, and fog affect visibility, surface reflections, and
sensor noise).

These shifts change both image appearance and class priors. In the ZOD dataset
used in this thesis, for example, pedestrians appear in approximately 85% of urban
frames but fewer than 2% of highway frames. A model initialized on urban daytime
bootstrap data has seen little of night, rain, or rural conditions, and can only adapt
to them if it receives relevant training signal as those contexts appear in the stream.
Under limited compute and storage budgets, training uniformly allocates capacity
to already-familiar content as much as to genuinely new conditions. Prioritizing
frames from novel or under-represented contexts instead concentrates the training
budget where it is most needed.

2.4 Selective training and novelty scoring

2.4.1 From active learning to selective streaming

Classical active learning assumes a pool of unlabeled samples and an annotation
budget, and iteratively queries the most informative samples for labeling [10]. In
this thesis, labels are already available. The constrained resources are training
compute, memory, and communication bandwidth. The decision is therefore not
which sample to label, but which labeled sample to train on. This framing is closer to
coreset selection and to informativeness-based data pruning in deep learning [11, 12]
than to traditional active learning. Like those methods, it operates on already-
labeled data and asks which examples merit training. The novel constraint here is
that selection must be made online under a single-pass budget, without retrospective
access to the full pool.

2.4.2 Frame selection policies

A selection policy computes a score for each incoming frame and accepts or rejects it.
The primary approach studied is distribution-based filtering: frames whose feature
embedding is far from a reference distribution are accepted, treating distance as a
proxy for novelty, while frames that are distributionally similar to the reference are
rejected as redundant. The reference may be held fixed at bootstrap (static filtering)
or updated periodically from a memory of accepted frames (adaptive filtering), with
the trade-offs discussed in Section 2.5.
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Random filtering, which accepts each frame independently with a fixed probability,
serves as the matched-volume baseline. By setting its acceptance probability equal
to the distribution filter’s empirical rate, differences in detection outcomes can be
attributed to selection quality rather than to data quantity.

2.4.3 Feature-space novelty and Mahalanobis distance

Let x € R? be a feature embedding of a frame, and let u and ¥ denote the mean and
covariance of a reference embedding distribution. The Mahalanobis distance [13] is

d(x) = \/(x = ) (Z+eD) ! (x - p),

where € > 0 is a small regularization constant that ensures invertibility in high
dimensions. A small d(x) indicates that the frame is close to the reference and
likely represents familiar content; a large d(x) indicates that the frame is distant
from the reference and more likely to represent novel or under-represented content.

The Mahalanobis distance has two properties that make it preferable to Euclidean
distance for novelty detection in high-dimensional feature spaces. First, it accounts
for the correlation structure of the reference distribution: a displacement along a
high-variance direction, where the reference is already spread out, contributes less
to the score than the same displacement along a low-variance direction. Second, it is
scale-invariant across feature dimensions—because X! normalizes each dimension
by its variance, no single feature axis dominates the distance merely because of its
dynamic range.

Mahalanobis distance on a Gaussian fitted to penultimate-layer features has be-
come a standard tool for out-of-distribution (OOD) detection in deep classifiers [2],
often compared against simple softmax-confidence baselines [14]. The present the-
sis adapts this construction to streaming object detection: features come from a
detector backbone rather than a classifier, the reference is fitted on the bootstrap
set rather than on per-class training data, and the distance is used as a real-time
acceptance score rather than as an offline OOD flag.

The acceptance threshold is calibrated from the reference frames themselves: the
(1 — p)-quantile of in-sample Mahalanobis distances serves as a data-driven cutoff
that admits a target fraction p of reference frames, establishing a well-defined op-
erating point without requiring an external validation set (Figure 2.1). Whether
this threshold is held fixed or recalibrated as the reference is refreshed is explored
in Chapter 3.

2.4.4 Bounded memory of accepted frames

An adaptive filter needs a bounded summary of the accepted stream to avoid storing
every past embedding. Two standard choices are:

o A sliding window of the most recent M accepted frames. The oldest element
is evicted when a new one is added. The window emphasizes recency.
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€2

dx) » 7

accepy (novel)

€1

\ il d(X) <T
o - reject (familiar)

______

Figure 2.1: Mahalanobis threshold calibration in the feature embedding space
(axes eq, eg are the first two principal components of the 2048-dimensional back-
bone representation). The reference Gaussian fitted on the bootstrap frames has
mean p; concentric ellipses are iso-distance contours. The bold dashed contour is
the threshold 7, set to the (1 — p)-quantile of in-sample distances. Frames whose
embedding falls inside 7 (blue) are rejected as distributionally familiar; frames out-
side T (orange) are accepted as novel.

» A reservoir of fixed size R maintained with Vitter’s Algorithm R [15]. After n
accepts, each past accept has equal probability min(1, R/n) of appearing in the
reservoir, regardless of its position in the stream. The reservoir approximates
a uniform sample of the accepted history.

The two choices encode different priors about what should be remembered: the
sliding window biases toward recency, while the reservoir approximates a uniform
sample of the entire accepted history (Figure 2.2). Their empirical consequences are
compared in Chapter 4.

2.5 Representation drift and reference refresh

A distribution-based filter computes scores in a particular embedding space. If that
embedding space changes during the stream, the meaning of a Mahalanobis distance
changes with it. This is representation drift—a well-documented challenge when the
model producing scores is itself being trained [16]. Under drift, a fixed threshold
becomes difficult to interpret: the score scale can shift even when frame content does
not, and two frames with the same Mahalanobis distance at different points in the
stream may represent very different degrees of novelty (Figure 2.3). Two approaches
to this problem are compared in this thesis.

2.5.1 Frozen reference

The simplest response is to freeze a snapshot of the model at the end of the boot-
strap phase and compute every novelty score in that fixed embedding space. The
live model continues to train on accepted frames, but the scoring snapshot is never
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(a) Sliding window (M slots)
accept

fr-s fn—2 frn—1 fn fn41

deterministic FIFO: always keeps the M most recently accepted frames

(b) Reservoir (R slots)

prob. R/n

ﬂcm
f3 fir faz f fn

87

uniform sample of all accepted frames; any slot equally likely to be replaced

Figure 2.2: Bounded memory structures for the adaptive filter. (a) A sliding win-
dow of size M retains only the most recently accepted frames; each new acceptance
evicts the oldest entry (FIFO). (b) A reservoir of size R maintains a uniform random
sample of the entire accepted history; when the n-th frame is accepted it replaces a
uniformly chosen slot with probability R/n, leaving the reservoir unchanged other-
wise [15]. Non-sequential frame indices (fs, fi7, fi2, fs7) illustrate that the reservoir
can represent frames from any point in the stream. The window emphasizes recency;
the reservoir provides global coverage.

updated, and the reference statistics (p, ) are likewise held fixed. Scores are there-
fore exactly comparable across the entire stream, across stream orderings, and across
federated clients. The filter is also stationary by design, which simplifies analysis.

Over a long non-stationary stream, however, the live detector diverges progressively
from the frozen scoring model. The threshold was calibrated against the bootstrap’s
own score distribution, but the live model’s embeddings of later frames are not
bounded by that distribution. As the model adapts to newly accepted content, the
gap widens, the empirical acceptance rate drifts upward, and the filter becomes
progressively less selective. This is the static ablation in Chapter 3.

2.5.2 Periodic refresh with a bootstrap anchor

A more responsive alternative is to refresh the scoring snapshot and the reference
periodically, jointly. At a fixed cadence, the current live model replaces the scor-
ing snapshot, the reference frames are re-embedded under the new snapshot, the
Gaussian (u, ) is refit, and the threshold is recalibrated as a quantile of in-sample
distances. Between refreshes the filter is again stationary, so scores are directly com-
parable within a refresh interval. This keeps novelty scores well-calibrated through-
out the stream without the overhead of per-step re-estimation.

Periodic refresh introduces its own issue. If the reference is fit on only the accepted
memory, it drifts toward whatever domain the policy has recently been accepting,
and “novelty” becomes a moving target. Frames inside a homogeneous stream seg-
ment can become novel relative to a reference that has just been fit on the same
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(a) Static (frozen snapshot)
T live model

snapshot
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(b) Periodic refresh with bootstrap anchor

live model
snapshot
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0

Figure 2.3: Representation drift: frozen reference vs. periodic refresh. In both
panels the dashed blue curve is the live model evolving during streaming; the solid
black line is the scoring snapshot used to compute novelty distances. (a) A frozen
snapshot never updates, so the gap between the snapshot and the live model grows
monotonically. Mahalanobis scores inflate and the empirical acceptance rate rises
above the calibrated target p. (b) With periodic refresh, the snapshot is replaced
by the current live model at each cadence mark (K, 2K, 3K, ...), keeping the
gap small and scores well-calibrated within each interval. A bootstrap anchor (not
depicted) ensures that the updated reference always includes the original bootstrap
frames, preventing novelty from drifting to a moving target.

segment. To avoid this, the reference is anchored by including the bootstrap frames
in the reference set at every refresh. Chapter 3 formalizes this scheme and includes
an ablation in which the anchor is removed.

When the accepted memory drifts far from the bootstrap, the combined reference
may no longer be well described by a single mode. Fitting one Gaussian to such a
reference inflates its covariance and may place its mean in a low-density region, both
of which reduce score discriminability. A two-reference variant, in which separate
Gaussians are fit to the bootstrap and to the accepted memory and scored by the
smaller Mahalanobis distance, is a natural response. This too is included as an
ablation in Chapter 3.

2.6 Buffer-based online optimization

Deep detectors are trained with mini-batch gradient updates rather than per-sample
online updates, since very small batches produce high-variance gradient estimates
and interact poorly with batch normalization. In this thesis, accepted frames are
collected in a bounded training buffer. When the buffer reaches capacity, the model
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trains on its contents and the buffer is cleared. Compute cost is therefore roughly
proportional to accepted items, a useful property when comparing filter policies
under matched data budgets.

The buffer design limits how much the model can adapt. With a small buffer (for
example, 32 frames) and single-pass streaming, each frame contributes only a hand-
ful of gradient steps before being discarded. There is no replay mechanism to revisit
earlier data or to consolidate knowledge across domains. Aggregate detection met-
rics alone may therefore not fully reflect differences in selection quality. Properties
of the selected set (domain coverage, score distributions, acceptance rates) provide
complementary and more direct evidence of what each policy actually selects.

2.7 Federated learning

Federated learning trains a shared model across multiple clients without centralizing
raw data [4, 17]. The typical loop is:

1. the server sends the current global model to participating clients;
2. each client performs local training updates on its own data;
3. the server aggregates client models into an updated global model.

The standard aggregation rule is Federated Averaging (FedAvg) [4]:

K
Ot = > w0 Y, > wp =1,
=1 "

where 6, is client k’s updated model and wy, is its aggregation weight. Weights are
often proportional to the number of local training samples (Figure 2.4).

When combined with selective filtering, a natural choice is to weight each client by
the number of accepted frames, since this reflects the client’s actual training contri-
bution. Clients in novel environments accept more frames, perform more gradient
updates, and consequently have greater influence on the global model. This is a
direct consequence of combining FedAvg with novelty-based selection.

2.7.1 Non-IID client data

In real deployments, client data are typically non-IID (non-independent and non-
identically distributed): one vehicle may encounter mostly city traffic while another
predominantly drives on highways. Heterogeneous client distributions can slow con-
vergence and produce uneven per-domain performance [18], which has motivated
aggregation variants such as FedProx [19] and SCAFFOLD [20] that correct for lo-
cal drift. The experiments in this thesis use plain FedAvg to keep the aggregation
mechanism fixed while the filter mechanism is varied.

The thesis uses a simulated federated setting in which each client receives a struc-
tured slice of the global stream: either a domain-aligned partition (curated manifest)
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—> broadcast (")

L Server } ----> send updates A;

[ Client 1 } [ Client 2 } [ Client 3 } [ Client 4 }

Figure 2.4: One federated communication round under FedAvg [4]. The server
broadcasts the current global model 6 to all participating clients (solid blue).
Each client trains locally on its private dataset D; and returns gradient updates 4;
(dashed orange). The server aggregates these into 801 = S, wy, 9,(;’“ . In the
federated variants of this thesis, the server additionally refreshes the shared filter
state after each aggregation round and broadcasts it alongside 1.

or a contiguous chronological quartile (temporal manifest). In both cases, different
clients see different domain compositions, creating realistic imbalance while pre-
serving full experimental control. In the adaptive federated variants, the scoring
snapshot, the reference, and the threshold are refreshed on the server after each ag-
gregation round. The server assembles a fleet-pooled reference by drawing an equal
quota of accepted frame IDs from each client’s local memory (window or reser-
voir), re-embeds them under the post-aggregation global model, and broadcasts the
updated filter state to all clients. Every client therefore scores against the same
reference within a round. Chapter 4 examines how this server-issued adaptation
interacts with FedAvg aggregation and whether it produces meaningfully different
per-client acceptance patterns across heterogeneous clients.

2.8 Related work

The present approach sits at the intersection of four bodies of literature: informativeness-
based data selection, continual and streaming learning, out-of-distribution detection,
and federated learning under client heterogeneity. This section positions the con-
tribution within each and concludes by explaining where the present work stands
relative to each.

2.8.1 Data selection for efficient training

A large body of work studies how to train on a subset of the available data without
sacrificing accuracy. Active learning focuses on choosing which samples to label
under a budget [10]; coreset methods select a weighted subset that approximates
the gradients of the full set [11]; and gradient- or error-based scores such as GraNd
and EL2N [12] rank labeled samples by their contribution to training loss. These
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methods assume random access to a static dataset. The streaming setting considered
here is more restrictive, as all selection decisions are made online in a single pass
with no ability to revisit earlier frames. Unlike gradient-based scores, which require
a backward pass, feature-space novelty scoring operates with a forward pass through
a fixed snapshot.

2.8.2 Continual and online streaming learning

Continual learning studies learners that must fit a sequence of tasks or a non-
stationary distribution while retaining prior knowledge [1]. Methods range from
parameter regularization [21] to rehearsal from a small memory of past exemplars.
The setup in this thesis shares the single-pass, non-stationary constraint but focuses
on input selection rather than preventing forgetting: the model is not regularized
to retain prior behavior, and the memory serves the scoring reference rather than
replaying past gradients.

2.8.3 Out-of-distribution and novelty detection

The direct inspiration for the novelty score in this thesis is the Mahalanobis-distance
OOD detector of Lee et al. [2], which fits class-conditional Gaussians to penultimate-
layer features and scores inputs by their distance to the nearest class center. It is
typically benchmarked against softmax-confidence baselines [14]. The present work
adapts this construction to object-detection backbones and to a streaming selection
loop, with two key differences: the reference is fitted on the full bootstrap set rather
than per class, and the reference can be refreshed over time under the bootstrap-
anchored adaptive scheme described in Section 2.5.

Using Mahalanobis scoring as a real-time frame filter introduces a challenge that
does not arise in the original offline OOD setting: as the model trains on accepted
frames, the embedding space drifts and a fixed reference becomes miscalibrated. The
periodic refresh mechanism addresses this directly. Reis et al. [22] apply a related
Mahalanobis score in continuous 32 Hz in-vehicle video streams, where the dominant
challenge is redundancy among near-identical consecutive frames. In the present
work, ZOD Frames provides individually curated keyframes rather than dense video,
and the score serves as a domain-shift detector rather than a redundancy filter.

2.8.4 Federated learning under client heterogeneity

Federated learning over non-IID clients has been studied from several angles: conver-
gence analysis [18], proximal regularization of local updates [19], variance-reduced
aggregation [20], and broader surveys of the open problems [17]. The present thesis
holds the aggregation rule fixed as plain FedAvg, varying only the per-client selec-
tion policy. Novelty-based selection nonetheless introduces implicit client weighting,
as clients in novel domains accept more frames and consequently contribute more
to the federated average without modifying the aggregation rule itself.
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2.9 Summary

The methodology in this thesis integrates four elements: single-pass streaming train-
ing under domain shift, distribution-based frame selection with a periodically re-
freshed, bootstrap-anchored Mahalanobis reference, buffer-based online optimiza-
tion, and evaluation under both centralized and federated settings. Relative to the
literature surveyed above, it differs along four dimensions: it operates in a strictly
single-pass setting without random access to a static pool; it treats distribution
shift through input selection rather than through regularization or replay against
forgetting; the Mahalanobis reference is fitted on a domain-specific bootstrap set
and periodically refreshed rather than computed offline per class; and the implicit
client weighting from novelty-based selection is an emergent property of combining
FedAvg with per-client filtering, not a modification of the aggregation rule. Chap-
ter 3 specifies the concrete implementation, data construction, filter policies, refresh
procedure, and evaluation protocol.
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Methods

This chapter specifies the experimental design for studying novelty-aware frame
selection for streaming object detection: the data and stream construction, the
detector, the training procedure, the filter policies and their refresh mechanism,
the federated extension, and the evaluation protocol. The complete implementa-
tion, experiment configurations, and analysis notebooks are available at https:
//github.com/scaleoutsystems/stream-active-FL.

3.1 Formal setting
At time step t, the learner receives a labeled frame

2t = (xtv yt),

where 7; € ROHW is an RGB image tensor and y; = {(by,cx)} is the set of

ground-truth bounding boxes by € R* (in 1,41, 22, y» format) with class labels c.
A selection policy 7 observes z; and the current model state 6, and outputs

a; = (2, 0;) € {0,1},

with a; = 1 (accept) or a; = 0 (reject). The distribution-based policies defined below
use only the embedding of x;; labels y; are not used by the selection policy. Accepted
items are appended to a bounded training buffer B of capacity B; rejected items
are discarded. When the buffer is full, the model is updated on buffered data and
the buffer is cleared. After the stream ends, any remaining buffered items trigger a
final update.

Training proceeds in two phases:

1. Bootstrap. Multi-epoch supervised training on a fixed prefix of Ny frames,
establishing the initial detector, the initial reference embedding distribution,
and the initial acceptance threshold.

2. Online streaming. Single-pass processing of the remaining training frames
under the selection policy. For the headline filter variants, the scoring model
and reference distribution are refreshed periodically (Section 3.8.3), while the
static ablation freezes them after bootstrap.
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The bootstrap prefix and the stream segment are disjoint: no frame appears in both,
so any improvement during streaming is attributable to genuinely new data rather
than to revisits of bootstrap content.

3.2 Dataset and domain structure

3.2.1 Zenseact Open Dataset (ZOD) Frames

All experiments use the Zenseact Open Dataset (ZOD) [3], specifically the Frames
subset: forward-facing RGB images with 2D object annotations from real-world
driving collected across 14 European countries over two years. Each image is an
individually curated keyframe rather than a consecutive sample from a continuous
recording, so successive frames in the training split can originate from different drives
and be separated by large gaps in capture time. The official train/validation split
from the ZOD SDK is used, yielding approximately 90 000 training and 10 000 vali-
dation frames at the preprocessed resolution. Images are distributed in anonymized
form (blurred faces and license plates).

3.2.2 Target classes

While ZOD defines ten foreground categories, the experiments use only three: Ve-
hicle, Pedestrian, and VulnerableVehicle. All other categories are excluded from
training and evaluation. Their prevalence across road types is shown in Table 3.1.
Vehicle is present in virtually all frames regardless of road type, providing a sta-
ble detection target across conditions. Pedestrian and VulnerableVehicle prevalence
varies strongly with road type, with Pedestrian frame prevalence dropping from
85% in urban scenes to under 2% on highways, making these two classes sensitive
indicators of domain shift.

Table 3.1: Frame-level prevalence of the three target classes across road-type cat-
egories in the ZOD training split. A class is considered present if at least one
annotated instance of that class appears in the frame.

Class City  Art-urban Highway Art-rural Sm-rural
Vehicle 99.0% 99.8% 99.8% 98.4% 96.9%
Pedestrian 85.1% 52.4% 1.8% 7. 7% 22.8%

VulnerableVehicle 72.1% 52.0% 12.4% 11.6% 23.4%

3.2.3 Metadata

Each frame carries the following ZOD metadata fields used in this work:
« road_type € {city, arterial-urban, highway, arterial-rural, smaller-rural};

o time_of_day € {day, twilight, night};

18



3. Methods

» scraped_weather (sky / precipitation, sourced by ZOD from a weather ser-
vice) € {clear-day, clear-night, partly-cloudy-day, partly-cloudy-night,
cloudy, rain, snow, fog, wind};

» road_condition (road surface annotation) € {normal, wet, snow};
e capture timestamp.

For the purpose of grouping frames into stream blocks (Section 3.4.3), the two
weather-related fields are folded into a coarse weather bucket (clear, cloudy, fog,
rain_wet, or snow) by the priority rule

snow > rain_wet > fog > cloudy > clear,

where a frame matches the highest level that fires. (Because ZOD contains only ~12
city-day-fog frames, the fog bucket is merged into cloudy within city-day, yielding a
single city_day_cloudy block; see Section 3.4.3.)

The two highest buckets draw on both metadata fields: snow covers active-snowfall
frames (scraped_weather contains snow) and post-snowfall frames with a snow-
covered road surface (road_condition = snow); rain_wet covers frames with
scraped_weather containing rain or road_condition = wet. The remaining buck-
ets rely on scraped_weather alone. The fog bucket maps directly from that field;
cloudy captures any value whose lowercase form contains cloud or overcast—
in practice cloudy, partly-cloudy-day, and partly-cloudy-night. The clear
bucket is the fallback, capturing clear-day, clear-night, and wind. None of these
metadata fields are provided as inputs to the detector or to the selection policy. They
serve only to construct manifest orderings and to slice analysis results by domain.

3.3 Preprocessing

Raw frames (3848 x 2168) are cropped to remove uninformative sky and ego-hood
regions: the top 428 rows, bottom 588 rows, and 4 lateral pixels per side are removed,
yielding a 3840 x 1152 crop. This is then resampled to 1600 x 480 (aspect ratio 10:3,
Lanczos interpolation) and stored as JPEG. Annotations are read from the ZOD
object_detection project; unclear instances are dropped. Bounding boxes are
transformed into the cropped, resized coordinate system and stored in ziy;z2ys
format. A minimum-area filter of 64 px? is applied when loading data for training
and evaluation, both to suppress label noise on tiny boxes and to keep the gradient
signal concentrated on objects that the detector can plausibly localize.

3.4 Manifests and stream ordering

3.4.1 Role of the manifest

Each experiment points to a JSON manifest that lists frames with image paths,
annotation paths, split membership, capture timestamps, and domain metadata.

19



3. Methods

The training stream order is exactly the order of training frames in the manifest,
after removing the bootstrap prefix. This makes stream ordering explicit and repro-
ducible: every variant on the same manifest sees the same frames in the same order,
so differences in observed acceptance and per-domain behavior reflect the policy
alone.

3.4.2 Bootstrap prefix

Each manifest follows the same structure: a bootstrap prefix of Npoot = 2000
training frames, followed by the remaining training frames in the chosen order-
ing. All 2000 bootstrap frames have road_type = city and time_of_day = day,
but cover the natural city-day weather mix without filtering: 725 clear-day, 832
partly-cloudy-day, 427 cloudy, and 16 rain/wind frames. The reference domain
is therefore deliberately narrow (restricted to urban daytime), so that conditions
outside it appear novel to the initial detector.

3.4.3 Curated block ordering

The default stream is the city-day-curated ordering: post-bootstrap training frames
are grouped into thirteen contiguous blocks, progressing from the city-day boot-
strap domain through a sequence of domain shifts (Table 3.2; Figure 3.1). Block
labels are constructed from road_type, a coarse time_of_day category (day for day,
twi-night for twilight or night), and the weather bucket of Section 3.2.3. As noted
in Section 3.2.3, the fog bucket is merged into cloudy within city-day, yielding a
city_day_cloudy block that encompasses both overcast and foggy city-day condi-
tions. Within each block, frames are sorted by capture timestamp, so block-internal
ordering corresponds to natural recording order. Every frame falls into exactly one
block, and the bootstrap prefix plus the thirteen blocks partition the 89972 ZOD
training frames exactly (2000 + 87972 = 89972).

The ordering follows a progression of intentional shifts: weather variation within
city-day (blocks 2—4), illumination shift to twilight and night (5-6), a within-urban
road-type shift (7-8), a strong shift to highway (9-10), and a rural tail (11-13). Ev-
ery block contains at least 1000 frames, ensuring well-defined block-level statistics.
Block sizes are nevertheless strongly imbalanced: the largest (city_day_cloudy,
21 624 frames) is roughly 21x the smallest (city_day_snow, 1012 frames), reflecting
the natural prevalence of each domain in the ZOD training split. A direct conse-
quence is that the filter sees ~24% of the entire stream in the opening block before
the first weather shift occurs, and the curated ordering is therefore a deliberate com-
promise between domain balance (which would require subsampling) and faithful-
ness to the natural ZOD distribution. Note that block labels describe the metadata
predicate, not the predominant visual appearance of every frame: city_day_cloudy
includes partly-cloudy frames that may appear clear, and city_day_rain wet in-
cludes frames with wet roads under an otherwise clear sky.
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Table 3.2: City-day-curated stream ordering. Post-bootstrap training frames are
grouped into thirteen contiguous blocks, progressing from the city-day bootstrap do-
main through a sequence of domain shifts. Frame counts exclude the 2000 bootstrap
frames. Block labels follow the convention (road_type) (time) (weather bucket)
for the city-day weather sub-blocks, and (road_type) (time) otherwise; twi-night
aggregates twilight and night. Within each block, frames are sorted by capture
timestamp.

# Block label Frames %
1 city_day_cloudy 21624 24.6%
2 city_day_clear 6834 7.8%
3 city_day_rain_wet 7079  8.0%
4 city_day_snow 1012 1.1%
5 city_twilight 1125 1.3%
6 city_night 5337  6.1%
7 arterial-urban_day 14807 16.8%
8 arterial-urban_twi-night 6808 7.7%
9 highway_day 6942  7.9%

10 highway_twi-night 2862  3.3%

11 arterial-rural_day 5873  6.7%

12 arterial-rural_twi-night 3083  3.5%

13 smaller-rural_all 4586  5.2%

Total stream 87972 100%

3.4.4 Temporal ordering

The city-day-temporal manifest reuses the same bootstrap prefix and the same post-
bootstrap frame set as the curated manifest, but reorders the streaming portion
strictly by capture timestamp. Domain transitions therefore occur at their natural
sampling cadence rather than as engineered block boundaries. Pairing the curated
and temporal manifests isolates the effect of stream ordering: the bootstrap, the
validation set, and the population of stream frames are identical, so any differences
between the two reflect the order in which the policy encounters domain shifts.

3.5 Detector and embeddings

The detector is FCOS [5] with a ResNet-50 [7] FPN [6] backbone, as implemented
in torchvision (fcos_resnet50_fpn). The model is trained with four output
classes (the three foreground classes plus background). The ResNet-50 backbone
is initialized with ImageNet-pretrained weights [23], and the last three backbone
stages are trainable while lower stages are frozen. Images are stored at 1600 x 480
(Section 3.3), matching the detector’s expected input resolution, so no runtime
rescaling is applied.
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Bootstrap (city day) (14 boxes) City: day cloudy 10 boxes) City: day clear (44 boxes)

City: day rain wet (20 boxes) City: day snow (6 boxes)

City: night (10 boxes) Art.-Urban: day (47 boxes)

Highway: day (18 boxes) Highway: twi-night (14 boxes)
e

Sm.-Rural: all (17 boxes)

I Vehicle

I Pedestrian

I Vuln. vehicle

Figure 3.1: One representative frame per stream segment of the city-day-curated
manifest, with target-class bounding boxes overlaid (Vehicle in blue, Pedestrian in
red, VulnerableVehicle in orange; per-panel legend shown in the lower right). The
top-left panel shows the bootstrap prefix; the remaining thirteen panels follow the
stream order of Table 3.2 (left-to-right, top-to-bottom), with the panel title naming
the block and the number of bounding boxes drawn. Within the early city-day rows,
transitions hold structural metadata (road_type, time_of_day) constant while the
weather bucket changes. Across the later rows, road type and time of day also shift,
producing the intended sequence of domain changes.

3.5.1 Embeddings for novelty scoring

For distribution-based filtering, a 2048-dimensional embedding is extracted from
the ResNet backbone and used as the frame representation for novelty scoring. A
forward hook is registered on the ResNet backbone module to capture the spatial
feature map produced by the final residual stage (2048 channels), and global average
pooling reduces each spatial map to a single 2048-dimensional vector per frame.
Embeddings are computed under eval mode with gradients disabled.

The scoring model used to compute embeddings is a snapshot of the detector, not the
live model. After bootstrap, the snapshot equals the bootstrap-trained detector. In
the headline adaptive variants, the snapshot is replaced periodically by the current
live model (Section 3.8.3); in the static ablation, it remains the bootstrap snapshot
for the entire stream. Snapshot embeddings are always computed on unaugmented
frames, so the scorer sees deterministic inputs and identical frames produce identical
scores.
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3.6 Bootstrap phase

3.6.1 Training

The first Npoot = 2000 frames are used for multi-epoch supervised training with
a shuffled data loader. Hyperparameters are listed in Table 3.3. Augmentation
is applied only to this bootstrap phase. The embedding-collection and streaming
phases use unaugmented frames to keep scoring deterministic. After bootstrap train-
ing, the detector is reasonably accurate on the bootstrap domain (urban daytime),
which provides a stable starting point for streaming and a discriminative reference
for novelty scoring.

Table 3.3: Bootstrap training hyperparameters.

Parameter Value

Epochs 20

Batch size 8

Learning rate 4 %1074

Optimizer Adam (weight decay 1074)

Augmentation  Horizontal flip (p = 0.5), color jitter
Mixed precision Enabled

3.6.2 Reference distribution and threshold calibration

After bootstrap training, all N,..; bootstrap frames are passed through the boot-
strap detector to obtain the reference mean p, € R?*® and covariance ¥, €
[R2048x2048 " The novelty score for an embedding x is the Mahalanobis distance [13]
to this reference, following the feature-space novelty construction used for out-of-
distribution detection in deep classifiers [2]:

dix; 1, %) = \J(x = p) (S + D)~ (x — p),

where € = 1075 is a small regularization constant that ensures invertibility of the
full 2048 x 2048 sample covariance (which is rank-deficient when Nyooy < D). The
threshold 7 is calibrated on the same regularized metric, keeping the percentile
interpretation internally consistent. Applied to each bootstrap frame, this yields
per-frame distances d; = d(x;; g, 20)-

The acceptance threshold 7y is set so that a fraction p of the reference scores lies at
or above the threshold:

To = Quantﬂel,p<{dz‘})»

where p € (0,1) is the calibration percentile, which equals the fraction of bootstrap
frames whose score meets or exceeds 7, i.e., the fraction that would be accepted if
the filter were applied back to its own reference set (values used per variant are listed
in Table 3.7). For example, at p = 0.20, 7y equals the 80th percentile of bootstrap
scores and exactly 20% of bootstrap frames lie at or above it.
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3.6.3 Initial scoring snapshot

A deep copy of the bootstrap detector is taken, placed in eval mode with all gradi-
ents disabled, and used to compute embeddings for incoming stream frames. This
snapshot is the initial scoring model. The static ablation keeps this snapshot fixed,
while adaptive variants replace it periodically as part of the refresh procedure (Sec-
tion 3.8.3).

3.7 Streaming phase

3.7.1 Online loop

After bootstrap, the remaining training frames are processed once in manifest order.
For each frame:

1. The scoring snapshot computes a 2048-dimensional embedding.
2. The selection policy maps the embedding to an accept/reject decision.

3. Accepted frames are enqueued in the training buffer; rejected frames are dis-
carded.

4. When the buffer is full (|B| = B), the live model is trained on buffer contents
and the buffer is cleared. This event is called a buffer flush.

5. For adaptive variants, every K buffer flushes a refresh is triggered (Section 3.8.3).

Figure 3.2 illustrates the complete per-frame flow.

3.7.2 Training hyperparameters

Streaming training hyperparameters are listed in Table 3.4. The streaming opti-
mizer is reinitialized after bootstrap and does not inherit optimizer state from the
bootstrap phase. Within each buffer, the loader is reshuffied at every local epoch,
so two local epochs of a mini-batch loader produce eight gradient steps per flush at
B = 32 and mini-batch size 8.

3.8 Filter policies

The experiments compare four families of selection policies. All variants share the
bootstrap and streaming hyperparameters described above. They differ only in
how acceptance decisions are made and, for distribution-based variants, in how the
reference is maintained.

No filter. Every frame is accepted (subject to buffering). This is the upper bound
on data availability and serves as the performance ceiling.
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Figure 3.2: Per-frame streaming pipeline (single-reference variant). A stream
frame x; is encoded by the scoring snapshot fy to produce embedding e;; the Ma-
halanobis distance to the current reference Gaussian (p, 2¢) is thresholded at 7 to
produce an accept or reject decision. Accepted frames enter the training buffer and
accumulate in the accept memory (window or reservoir). Dashed arrows indicate
periodic feedback: every K buffer flushes, the accept memory triggers a scoring-
snapshot update and a refit of the reference Gaussian with recalibrated threshold 7
(Section 3.8.3). The static ablation omits both feedback loops; the reference and
snapshot are frozen after bootstrap.

Random filter. Each frame is accepted independently with probability paccept-
This baseline is domain-blind: it controls for data volume without using any in-
formation about novelty. Multiple acceptance probabilities are run in parallel so
that each filter variant can be paired against a random run at matched empirical
acceptance rate (Section 3.10.4).

Static distribution filter. The bootstrap-calibrated reference (u,, Xo) and thresh-
old 7y are held fixed for the entire stream. The embedding x; of each stream frame
is computed under the (frozen) bootstrap snapshot, and frame t is accepted iff
d(xy; pg, 20) > 7o, with the Mahalanobis distance defined in Section 3.6.2. This
is the simplest distribution-based policy and is included as an ablation: it isolates
the effect of adaptation when compared with the adaptive variants at the same
percentile.

Adaptive distribution filter. The reference and the threshold are recomputed
periodically from the bootstrap frames augmented with a memory of recently ac-
cepted frames. The scoring snapshot is replaced by the current live model at the
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Table 3.4: Streaming training hyperparameters. These settings are shared across
all filter variants.

Parameter Value

Buffer capacity B = 32 frames
Buffer training mode Mini-batch
Mini-batch size 8

Local epochs per buffer 2
Streaming learning rate 1 x 1074

LR warmup 1000 stream items (linear)

LR schedule Cosine decay after warmup
Mixed precision Enabled

Augmentation Disabled (deterministic scoring)

same cadence. The adaptive family is parameterized along three axes (memory,
scoring rule, bootstrap anchor) detailed in Sections 3.8.1-3.8.2, and the refresh pro-
cedure itself is described in Section 3.8.3. By default, the bootstrap frames are
included in the reference set at every refresh, pinning the notion of novelty to the
original known world. An ablation removes this anchor and fits the reference on the
accepted memory alone (no-anchor variants in Table 3.7).

3.8.1 Adaptive memory: window vs. reservoir

The adaptive variants maintain an accepted-frame memory that is combined with
the bootstrap to form the reference set at each refresh. Two memory schemes are
compared:

o Sliding window. A FIFO deque of the most recent M accepted frames.
When a new frame is accepted and the deque is full, the oldest frame is evicted.
The memory therefore tracks recent stream content.

e Reservoir. A uniform random sample of size R drawn from all past accepted
frames using Vitter’s Algorithm R [15]. Each past accept has equal probability
min(1, R/n) of being represented after n accepts, regardless of position in the
stream.

The two schemes encode different priors about what an adaptive filter should re-
member: the window emphasizes recency and adapts quickly to local stream content,
while the reservoir preserves global coverage and dilutes the influence of any single
domain segment. The headline centralized variants use M = R = 1500; an addi-
tional ablation at M = R = 1000 probes sensitivity to memory size. Federated
experiments use M = R = 1500 per client, with equal-quota pooling drawing 375
frames per client into the fleet-pooled reference at each server-side refresh, ensuring
each client’s contribution remains representative of its accepted history.
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3.8.2 Reference structure: single vs. two-reference

When the accepted memory drifts away from the bootstrap, the union {bootstrap}U
{accepted} may no longer be well approximated by a single Gaussian. Fitting one
Gaussian to a heterogeneous reference produces an inflated covariance and a mean
that may fall in a low-density region of the data, which can reduce score discrim-
inability. Two reference structures are therefore compared:

+ Single-reference (default). One Gaussian N(u,X) is fitted to the full
reference set {bootstrap} U {memory}. The score is the Mahalanobis distance
to this Gaussian.

+ Two-reference (ablation). Two Gaussians are fitted independently: N (40005 Zboot)

on the bootstrap (re-embedded under the current scoring snapshot) and N (e, Xace)
on the accepted memory. The score is

min(d<xt; Moot s 2b00t)? d(Xt; Haces EaCC))?

so a frame is novel only when it is far from both known modes (Figure 3.3).
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Figure 3.3: Per-frame streaming pipeline (two-reference ablation). Same per-frame
flow as Figure 3.2, but two Gaussians are maintained independently: at each refresh,
both the bootstrap frames and the accept memory are re-embedded under the new
scoring snapshot, and each Gaussian is refit independently from the re-embedded
frames. The bootstrap reference (fboot.ts Lboott) therefore changes at every refresh
(unlike a fixed bootstrap snapshot) because the scoring backbone changes. The nov-
elty score is the minimum of the two Mahalanobis distances, so a frame is accepted
only when it lies far from both known distributions. The threshold 7 is recalibrated
at each refresh as the (1 — p)-quantile of per-frame min scores over the combined
reference set (Section 3.8.3).
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3.8.3 Periodic refresh

The headline adaptive procedure refreshes both the scoring snapshot and the ref-
erence statistics every K buffer flushes. Concretely, a refresh is triggered every K
buffer flushes, at which point the following steps are performed:

1. Snapshot the scorer. The current live model is deep-copied, placed in eval
mode with gradients disabled, and used as the new scoring snapshot. All
subsequent embeddings (for stream frames and for re-embedding the reference
set below) are computed under the new snapshot.

2. Re-embed the reference set. The bootstrap frames (if the bootstrap anchor
is enabled) and the accepted memory are passed through the new snapshot
to obtain fresh 2048-dimensional embeddings. Re-embedding ensures that all
reference embeddings live in the same feature space as incoming stream frames;
without it, the bootstrap statistics would drift relative to the new scorer.

3. Refit the Gaussian(s). In single-reference mode, one Gaussian is fitted
to the union of re-embedded bootstrap and memory. In two-reference mode,
two Gaussians are fitted independently as in Section 3.8.2. In the no-anchor
ablation, the bootstrap is omitted and the Gaussian is fitted on the memory
alone.

4. Recalibrate the threshold. Per-frame distances are recomputed for every
frame in the (re-embedded) reference set under the active scoring rule (single-
Mahalanobis or min-of-two-Mahalanobis), and the new threshold 7 is set to the
(1 — p)-quantile of those distances. Threshold recalibration at every refresh
is essential: without it, a fixed 7 inherited from bootstrap rapidly becomes
incompatible with the rescaled reference distances after the embedding space
has changed.

The default cadence is K = 50 buffer flushes, corresponding to one refresh per
K - B = 1600 accepted items. At a typical empirical acceptance rate of 20%, this
is roughly every 8000 stream frames. K = 50 was chosen as a practical balance
between responsiveness and re-embedding cost, and sensitivity to this choice is not
explored in this work. Shorter cadences keep the snapshot more current at the cost
of more frequent re-embedding. Longer ones hold the reference fixed over larger
stretches of stream at the cost of responsiveness.

3.9 Federated streaming detection

The federated extension simulates a fleet of vehicles that share the same bootstrap-
trained detector and collaborate through Federated Averaging (FedAvg) [4]. The
post-bootstrap stream is partitioned across four clients, each assigned a distinct data
slice representing a different operational environment. All clients begin round 0 with
the same scoring snapshot, the same reference (), ), and the same threshold 7
from the bootstrap calibration of Section 3.6.2.
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3.9.1 Client partitioning

For the curated manifest, the post-bootstrap stream is partitioned by domain-aligned
grouping: the thirteen blocks of Section 3.4.3 are grouped into four clients in order
of increasing domain distance from the bootstrap (Table 3.5).

Table 3.5: Domain-aligned client partition for the curated manifest. Frame counts
exclude the 2000 bootstrap frames. CO0 is bootstrap-similar; C1 covers weather and
illumination shifts within the city; C2-C3 extend to arterial-urban and then highway
and rural environments.

Client Blocks Frames
Co 1-2 (city__day_ cloudy, city_day_ clear) 28 458
C1 3-6 (city_day rain/snow, city_twilight, city_night) 14553
C2 7-8 (arterial-urban, day and twi-night) 21615
C3 9-13 (highway, arterial-rural, smaller-rural) 23346

CO0 consists of the residual city-day frames (city-day-clear and city-day-cloudy) and
matches the bootstrap domain most closely. C1 contains city frames under adverse
weather and low-light conditions (rain, snow, twilight, night). C2 covers arterial-
urban driving, and C3 groups highway and rural blocks. C1-C3 each represent a
distinct dimension of novelty from the bootstrap: appearance shifts (C1) and road-
type shifts of increasing scale (C2-C3).

For the temporal manifest, the post-bootstrap stream is split by capture timestamp
into four equal-sized quartiles of 21 993 frames each, referred to as Q1-Q4 throughout
Chapter 4. Unlike the curated partition, every client sees a mixture of road types
and conditions. The main variation between quartiles reflects progression through
the recording period. For example, Q4 carries roughly three times as many night
frames as Q1, and Q3 has by far the most winter snow of any quartile.

3.9.2 Federated schedule

The experiments use two training schedules. Each schedule assigns every client
a budget of 30000 presented stream items, comparable in scale to each client’s
partition size (Table 3.6). Each client processes a contiguous slice of its partition in
order, of which a fraction p is accepted for training.

All client partitions are smaller than the 30 000-item schedule budget (Table 3.5),
so every client eventually exhausts its local data. The smallest partition (C1, 14553
frames) stops contributing around round 15 of the default schedule, while the largest
(CO, 28458 frames) finishes near the end. After exhaustion, a client contributes
no weight to aggregation in subsequent rounds, mirroring real deployments where
vehicles operate at different data rates. The heavyLocal schedule trades aggregation
frequency for local training volume (three times as many local items per round, three
times fewer aggregation rounds), which isolates the effect of aggregation cadence at
fixed total budget.
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Table 3.6: Federated training schedules. Both schedules use the same four clients
and partition strategy; the default schedule aggregates more frequently, while the
heavyLocal schedule trains more data locally per round.

Parameter Default HeavyLocal

Number of clients 4 4

Number of rounds 30 10

Local items per round (presented) 1000 3000

Partition strategy Domain-aligned (curated) / contiguous (temporal)
Aggregation FedAvg, weighted by accepted items

Refresh cadence (adaptive) Every round (server-issued)

3.9.3 Aggregation

In each round, clients that accepted at least one frame contribute their updated live
model, while clients with zero accepts contribute no weight. FedAvg aggregates client
model parameters with weights proportional to the number of accepted frames in
that round, and the aggregated model is distributed back to every client for the next
round. This acceptance-weighted aggregation naturally prioritizes clients operating
in novel environments: clients in unfamiliar domains accept more frames, perform
more gradient updates, and consequently contribute more to the next global model.

3.9.4 Server-issued refresh

In the adaptive federated variants, the refresh of the scoring snapshot, the reference,
and the threshold is performed on the server rather than per client, so that all clients
share a consistent notion of novelty. Every Kjq rounds (set to 1 in all experiments
reported here), after FedAvg aggregation, the server performs the refresh of Sec-
tion 3.8.3 with one modification to how the accepted memory is assembled: rather
than drawing from a single client’s memory, the server builds a fleet-pooled reference
by collecting an equal quota of accepted frame IDs from each client’s local memory.
Concretely, with a fleet pool size of 1 500 and four clients, each client contributes 375
frame IDs (1 500/4)—the most recent accepts for window-mode clients, or a random
subsample of the reservoir for reservoir-mode clients. Each client accumulates its
own window or reservoir of size 1500 across rounds. This local memory is read at
each refresh but is never reset or aggregated.

The fleet pool is then used in the standard refresh procedure: all bootstrap and
fleet-pool frames are re-embedded under the post-aggregation global model (the
new scoring snapshot), the Gaussian(s) are refit, and the threshold 7 is recalibrated
as the (1 — p)-quantile of per-frame distances over the reference set. The resulting
(snapshot, p, X, 7) is applied to every client policy, so all clients enter the next
round scoring against the same reference.

This design preserves a single notion of novelty across the fleet. Per-client acceptance
rates can differ because clients see different data, but they are all evaluated against
the same reference, so accept-rate differences reflect each client’s data composition
rather than divergent per-client references. The equal-quota pool also prevents
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dominant clients (e.g., the city client with more accepted frames) from diluting
the reference with familiar content. The static federated ablation (no refresh) uses
the bootstrap reference and threshold for all rounds and is otherwise identical.

3.10 Evaluation protocol

3.10.1 Evaluation metrics

The live model is evaluated on the full ZOD validation split (~10000 frames). Re-
ported metrics follow the COCO protocol [9]: mAP averaged over IoU thresholds
{0.50,0.55,...,0.95}, mAP@50, mAP@Q75, and per-class AP for Vehicle, Pedestrian,
and VulnerableVehicle. Evaluation is performed every 5000 stream items in central-
ized runs and after every communication round in federated runs.

In addition to overall validation mAP, per-domain mAP is computed by restricting
the validation set to frames whose metadata match a particular value of one of four
domain dimensions:

e stream_block: the thirteen curated blocks of Section 3.4.3;

e road_type: city, arterial-urban, highway, arterial-rural, smaller-rural;
e time of_day: day, twilight, night;

e road_condition: normal, wet, snow.

Per-domain mAP is recorded at every checkpoint, so the trajectory of detection
quality within each domain can be tracked across the full stream.

3.10.2 Smoothed tail-K mAP

A single late checkpoint can be noisy because it depends on which frames fell into
the last few buffers and on the cosine-decay learning rate at the end of the stream.
The headline summary statistic is therefore the smoothed tail-5 mAP: the average
of the last K = 5 checkpoint mAP values for a run (the final 25k stream items
in centralized runs, the final five communication rounds in federated runs). This
smoothed value captures the model’s late-stream performance level rather than any
single checkpoint. Final-checkpoint mAP is also reported alongside, so that any
difference between the smoothed and final values is visible.

3.10.3 Selection-behavior metrics

In addition to detection metrics, the following selection statistics are reported:
overall acceptance rate, acceptance rate by stream block, road type, and time of
day, score distributions per block and domain, cumulative accepted frames over
the stream, and the number of optimizer steps executed (proportional to accepted
frames).
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3.10.4 Iso-accept comparisons

Because filter variants and random baselines often differ in the absolute number of
accepts, headline detection comparisons are made at matched empirical acceptance
rate: for each filter variant, the random baseline with the closest empirical accep-
tance rate is selected as its partner. We refer to this as an iso-accept comparison.
The mAP difference between the two then measures selection quality, isolated from
the data-volume effect. Pairings are listed in the Partner column of Table 3.7.

3.10.5 Replication and statistical interpretation

All experiments are replicated with three random seeds ({42,43,44}). Results are
reported as seed means with standard deviations, and figures include cross-seed
standard-deviation bands. Three seeds are sufficient to reveal instability but too few
for reliable significance testing. All iso-accept gaps should therefore be interpreted
in light of the seed-level variability reported in Tables 4.1 and 4.4. A gap smaller
than the seed standard deviation of either variant in the pair is not reliable evidence
of superiority. Section 4.1.3 identifies the cases where this applies.

3.11 Experiment matrix

3.11.1 Streaming experiment matrix

Table 3.7 lists all centralized streaming variants. The refresh cadence is K = 50
buffer flushes and streaming evaluation occurs every 5000 items. Adaptive variants
are run at two memory sizes: M = R = 1500 for the headline configuration and
M = R =1000 as a tighter-memory ablation set.

3.11.2 Federated experiment matrix

Table 3.8 lists all federated variants. The setup follows Section 3.9: four clients with
domain-aligned (curated) or contiguous-quartile (temporal) partitions, per-client
memory of 1500, and server-side fleet-pooled refresh every round. Two schedules
are used—default (30 rounds of 1000 items per client) and heavyLocal (10 rounds of
3000 items per client, matched total budget)—and each variant is replicated across
three seeds.

The four headline adaptive filters are the single- and two-reference variants of both
the window and reservoir families at p = 0.20. A static p = 0.20 filter and a no-filter
ceiling complete the ablation set on the curated manifest. The temporal manifest
is run with the reservoir two-reference filter only (p € {0.15,0.20}), since the mixed
per-client domain composition of the temporal partition makes finer ablations re-
dundant. An additional tighter percentile (p = 0.10) is included as a sensitivity
ablation on the curated default condition.
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Table 3.7: Streaming experiment matrix for the curated and temporal orderings. Each row corresponds to one variant replicated
across three seeds. p denotes the calibration percentile (Section 3.6.2); Mem. is the adaptive memory structure and its size M = R;
Ref. is the reference structure (single-reference Gaussian or two-reference min, Section 3.8.2); Anchor indicates whether the bootstrap
is included in the reference set. Partner is the iso-accept random baseline paired against each filter variant for the matched-volume
detection comparison (Section 3.10.4); abbreviated as r{q} where ¢ is the random acceptance probability. The headline adaptive
set (M = R = 1500) is listed first; the M = R = 1000 ablation set sweeps the two-reference and no-anchor variants at a tighter
memory budget.

Variant Manifest ~ Family D Mem. (M=R) Ref. Anchor Partner
Reference baselines
no_filter curated none — - - - -

random_p{17,21,23,26,27,33,77} curated random - - - - -
Static distribution filter

static_p20 curated  dist (static) 0.20 none single  yes 77
Adaptive window — headline (M = 1500)

window_p20_m1500 curated dist (window)  0.20 window, 1500  single yes r26

window_p20_twoRef_m1500 curated dist (window)  0.20 window, 1500  two yes r27
Adaptive reservoir — headline (R =1500)

reservoir_p20_m1500 curated  dist (reservoir) 0.20 reservoir, 1500 single yes r23

reservoir_p20_twoRef_m1500 curated dist (reservoir) 0.20 reservoir, 1500 two yes r21
Adaptive window — ablation set (M = 1000)

window_p20 curated  dist (window)  0.20 window, 1000  single yes r33

window_p20_twoRef curated  dist (window)  0.20 window, 1000  two yes r33

window_p20_noBoot curated dist (window)  0.20 window, 1000 single no r33
Adaptive reservoir — ablation set (R =1000)

reservoir_p20 curated  dist (reservoir) 0.20 reservoir, 1000 single yes r21

reservoir_p20_twoRef curated dist (reservoir) 0.20 reservoir, 1000 two yes r21

reservoir_p20_noBoot curated  dist (reservoir) 0.20 reservoir, 1000 single no ri7
Cross-stream-order replication (temporal)

no_filter temporal none - - - - -

random_p{21,28,31} temporal random - — - — —

window_p20 temporal dist (window)  0.20 window, 1000 single yes r28

window_p20_twoRef temporal dist (window)  0.20 window, 1000  two yes r31

reservoir_p20 temporal dist (reservoir) 0.20 reservoir, 1000 single yes r21

reservoir_p20_twoRef temporal dist (reservoir) 0.20 reservoir, 1000 two yes r21
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Table 3.8: Federated experiment matrix. The default schedule is 30 rounds of 1000 items per client; the heavyLocal schedule is 10
rounds of 3000 items per client. Adaptive variants use per-client memory of size 1500 (window or reservoir) and a fleet pool of 1500
at server-side refresh. The four headline adaptive filters (single-/two-reference, window/reservoir at p = 0.20) constitute the main
comparison set; all other rows are sensitivity ablations. Partner is the iso-accept random baseline; abbreviated as r{q} where ¢ is
the random acceptance probability (manifest and schedule are inherited from the row; - indicates no matched-volume comparison
for that variant). Column conventions otherwise mirror Table 3.7.
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Variant Manifest  Schedule Family P Mem. Ref. Partner
Curated manifest, default schedule
fed_no_filter curated default none - - - -
fed_random_p{7,12,15,18,77} curated default random — — — —
fed_static_p20 curated default dist (static) 0.20 none single r77
fed_adaptive_window_p20 curated default dist (window) 0.20 window  single r12
fed_adaptive_window_p20_twoRef curated default dist (window)  0.20 window  two ri2
fed_adaptive_window_p10 curated default dist (window)  0.10 window  single -
fed_adaptive_reservoir_p20 curated default dist (reservoir) 0.20 reservoir single ri18
fed_adaptive_reservoir_p20_twoRef curated default dist (reservoir) 0.20 reservoir two ri5
fed_adaptive_reservoir_pl0 curated default dist (reservoir) 0.10 reservoir single -
fed_adaptive_reservoir_pl0_twoRef curated  default dist (reservoir) 0.10 reservoir two -
Curated manifest, heavyLocal schedule
fed_no_filter_heavyLocal curated heavyLocal none - — - -
fed_random_p{16,21,26}_heavyLocal curated heavyLocal random — — — —
fed_adaptive_window_p20_heavyLocal curated heavyLocal dist (window) 0.20 window  single r26
fed_adaptive_window_p20_twoRef_heavyLocal curated heavyLocal dist (window) 0.20 window  two r26
fed_adaptive_reservoir_p20_heavyLocal curated heavyLocal dist (reservoir) 0.20 reservoir single r26
fed_adaptive_reservoir_p20_twoRef_heavyLocal curated heavyLocal dist (reservoir) 0.20 reservoir two r26
fed_adaptive_reservoir_pl5_heavyLocal curated heavyLocal dist (reservoir) 0.15 reservoir single -
fed_adaptive_reservoir_pl5_twoRef_heavyLocal curated heavyLocal dist (reservoir) 0.15 reservoir two —
fed_adaptive_reservoir_pl0_twoRef_heavyLocal curated heavyLocal dist (reservoir) 0.10 reservoir two —
Temporal manifest, default schedule
fed_no_filter_temporal temporal default none - - - -
fed_random_p{15,19}_temporal temporal default random — - - —
fed_adaptive_reservoir_pl5_twoRef_temporal temporal default dist (reservoir) 0.15 reservoir two rib
fed_adaptive_reservoir_p20_twoRef_temporal temporal default dist (reservoir) 0.20 reservoir two ril9
Temporal manifest, heavyLocal schedule
fed_no_filter_temporal_heavyLocal temporal heavyLocal none - - — -
fed_random_p{25,30}_temporal_heavyLocal temporal heavyLocal random — — - -
fed_adaptive_reservoir_pl5_twoRef_temporal_heavyLocal temporal heavyLocal dist (reservoir) 0.15 reservoir two -
fed_adaptive_reservoir_p20_twoRef_temporal_heavyLocal temporal heavyLocal dist (reservoir) 0.20 reservoir two r30




4

Results

This chapter reports the empirical results of the experiments defined in Chap-
ter 3. Section 4.1 covers the centralized streaming experiments: routing behavior
across domains, acceptance dynamics under periodic refresh, and detection quality
at matched acceptance rate. Section 4.2 then presents the federated results.

4.1 Centralized streaming

4.1.1 Static filter baseline

The static filter freezes the scoring snapshot, the reference, and the threshold after
bootstrap (Section 3.8), so its per-window acceptance rate directly reflects the em-
pirical novelty of each stream segment relative to the bootstrap distribution. This
makes it the cleanest variant to inspect first: with no moving reference, every ac-
ceptance spike is directly interpretable as domain distance from bootstrap.

Figure 4.1 shows the per-window acceptance rate alongside the rolling stream com-
position. The acceptance rate is already above the calibrated 20% target in the
opening city blocks and rises rapidly, exceeding 0.8 before block 1 ends. The sharpest
peaks—approaching 1.0—occur at the twilight and night segments (city_twilight,
city_night, and every twi-night block downstream), where the illumination shift
moves nearly all embeddings far from the fixed bootstrap Gaussian. Later daytime
blocks show rates of 0.7-0.9, well above the calibrated target. The mean acceptance
rate across the stream is p ~ 0.77, nearly four times the calibrated p = 0.20 target.
Since 7y was calibrated on bootstrap embeddings, stream segments whose embed-
dings lie far from the bootstrap Gaussian systematically exceed the threshold, and
the acceptance rate grows as successive novel segments arrive. This drift is what
periodic refresh is designed to correct (Section 2.5).

4.1.2 Routing behavior under periodic refresh

The adaptive variants refresh the scoring snapshot, the reference, and the threshold
every K = 50 buffer flushes (Section 3.8.3), so their acceptance rate reflects novelty
relative to a rolling mixture of bootstrap and recently accepted frames, rather than
the fixed bootstrap alone.
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Figure 4.1: Static filter acceptance rate over the curated stream (top panel), with
rolling stream composition (time of day, road type, weather) in the panels below.
The scoring snapshot and reference Gaussian are frozen at the end of bootstrap. The
shaded band is the seed standard deviation. Vertical dotted lines mark stream-block
boundaries with block numbers along the top edge. Acceptance rates are computed
over a rolling 500-frame window.

Rolling acceptance rate. Figure 4.2 traces the rolling per-window acceptance
rate of the four adaptive variants over the entire post-bootstrap stream alongside
the rolling composition panels. Three patterns are visible:

1. Local responsiveness. The acceptance rate spikes briefly at most block
boundaries, reaching into the 0.5-0.8 range at the sharpest transitions (city_day_x
— city_twilight; highway_day — highway_twi-night), then tightens again
over subsequent refresh cycles as the reference absorbs the new content.

2. Persistent acceptance. FEven within extended homogeneous segments—
including the bootstrap-similar city_day_cloudy block and the longer arterial-urban
_day block—all four adaptive variants maintain an acceptance rate above 10%.

This follows from threshold calibration (Section 3.6.2): because T is set as the
(1—p)-quantile of in-sample distances, a fraction p of any in-distribution seg-
ment is always accepted by construction.

3. Family separation. The reservoir variants (red) accept fewer frames than the
window variants (orange) on the second half of the stream. By the rural tail,
the reservoir holds a broad sample of all prior content and treats most rural
frames as redundant, while the recency-biased window has already rotated
past highway content and is more permissive.
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Figure 4.2: Rolling per-window acceptance rate of the four headline adaptive
variants on the curated stream (top panel), with rolling stream composition (time
of day, road type, weather) in the panels below. Solid lines are seed-mean trajectories
with seed-std bands. Dashed lines drop the std band to keep paired single- and two-
reference variants visually distinguishable. Block boundaries are marked with dotted
vertical lines and block numbers along the top edge. Accept-rate spikes are most
pronounced at the twilight and night transitions. The reservoir variants (red) settle
below the window variants (orange) on the second half of the stream. Acceptance
rates are computed over a rolling 500-frame window.

Per-block acceptance rates. Figure 4.3 shows the mean acceptance rate per
stream block for all four adaptive variants, with the static filter on the right-hand
axis. In the opening city blocks, all four adaptive variants fall between 0.11 and
0.34. The wet and snow blocks show lower acceptance rates than city_day_cloudy
(0.30-0.34), likely because those weather blocks arrive after the reference has been
updated with city-day content. On the illumination-shift blocks (city_twilight
and city_night), the reservoir family rises to 0.34-0.44 while the window family
stays at 0.23-0.29. Further into the stream, the reservoir variants drop to 0.05—
0.07 on arterial-urban_twi-night as the accumulated reference has absorbed
that domain, while the window variants remain near 0.19-0.20. By contrast, the
static filter (right axis) saturates near 1.0 on every twi-night and night block, with
no reduction as the stream progresses, confirming that the adaptive variants’ lower
rates reflect calibration rather than reduced domain novelty.
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Figure 4.3: Per-block mean acceptance rate for the four headline adaptive variants
(M = R = 1500) and the static filter on the curated stream. Lines join seed-
mean acceptance rates over the thirteen curated blocks. Faint shaded bands show
the cross-seed standard deviation across three seeds. Window variants are orange
(single- and two-reference), reservoir variants are red. The static filter is on the
right-hand axis (blue) for scale. Blocks appear in the manifest’s streaming order
(see also Figure 4.9).

4.1.3 Detection quality at iso-accept

The comparisons below test whether domain-sensitive routing translates into detec-
tion gains at matched acceptance rate.

Iso-accept comparison. Figure 4.4 shows smoothed tail-5 validation mAP against
empirical acceptance rate for the headline adaptive variants (M = R = 1500) and
the random sweep on the curated stream (Table 4.1). All four headline filters land
above their iso-accept random partner, with gaps ranging from +0.0007 for reservoir
single-reference to +0.0067 for reservoir two-reference at p = 0.21. The gains are
positive but modest, and must be read alongside the cross-seed variability in the
table. Reservoir single-reference’s +0.0007 gap is smaller than its random partner’s
standard deviation (o ~ 0.0016) and should be treated as a null result. The other
three variants show gaps that exceed the combined seed noise and provide more
reliable evidence of a selection benefit. At the block level the gap varies substan-
tially by domain (Table A.1, Appendix A.1), with no single block accounting for the
aggregate advantage. At its much higher stream-wide rate of p & 0.77, the static fil-
ter falls —0.0033 mAP below random_p77, consistent with the acceptance-rate drift
documented in Section 4.1.1.

Per-block decomposition. Aggregate mAP can hide per-block variation. Break-
ing the iso-accept comparison down by block, three of the four headline filters beat
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Figure 4.4: Smoothed tail-5 validation mAP vs. empirical acceptance rate for the
curated stream. Each marker is a streaming variant. Filter variants appear in color:
window family in orange, reservoir family in red, static filter in blue, with the no-
filter upper bound at the right edge. The random sweep is a dotted grey envelope;
grey error bars at each tested rate show the seed standard deviation. Vertical bars on
the colored markers are filter seed standard deviations. The four headline adaptive
variants land above their iso-accept random partner at p ~ 0.21-0.27. The static
filter sits below the random envelope at its high acceptance rate.

their random partner on a majority of the twelve blocks: window single-reference on
10/12, window two-reference on 8/12, and reservoir two-reference on 9/12. Reser-
voir single-reference is the weakest, winning on only 5/12. Block-level gaps span
—0.017 to +0.011 mAP (Table A.1, Appendix A.1). The win/loss pattern reflects
each filter’s routing behavior (Figure 4.3) rather than a simple ranking by distance
from bootstrap.

Per-category trajectories. Figure 4.5 shows per-category mAP trajectories for
reservoir two-reference, its iso-accept random partner, and the no-filter upper bound
across the four evaluation categories (night, twilight, wet, snow). Reservoir two-
reference sits above its random partner on night and twilight through much of the
stream, while tracking closely on wet and snow. Both sit below the no-filter upper
bound by a roughly constant margin. The window two-reference trajectories (Fig-
ure A.1, Appendix A.2) are closer to neutral across these four categories, consistent
with the smaller aggregate gap of +0.0038 mAP.
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Table 4.1: Iso-accept comparison for the four headline adaptive variants (M = R =
1500, curated stream). Each row is one (filter, iso-accept random) pair. Acceptance
rates are empirical means across three seeds; the accept gap is filter minus random.
Smoothed mAP is the tail-5 mean for each variant. All four pairs match acceptance
rate to within 0.002, so A mAP is dominated by selection quality rather than data
volume.

Pair Filter p Random p Ap Filter mAP A mAP
Window single-ref 0.260 0.262 —0.001 0.2421 +0.0039
Window two-ref 0.270 0.270 0.000 0.2443 +0.0038
Reservoir single-ref 0.233 0.230 +0.002 0.2375 +0.0007
Reservoir two-ref 0.210 0.211 —-0.001 0.2416 +0.0067

Table 4.2: Iso-accept comparison for the M = R = 1000 ablation set on the cu-
rated stream. Conventions match Table 4.1; Ap is filter minus random acceptance
rate, A mAP is smoothed tail-5 filter minus random. The reservoir no-anchor accep-
tance gap is larger than the other rows (—0.031) because no random rate was run at
p ~ 0.139. The pairing against random_p17 is the closest available random partner,
and the A mAP for this row is therefore partially confounded by the data-volume
mismatch.

Pair Filter p Random p Ap Filter mAP A mAP
Window single-ref (M=1000) 0.327 0.330 —0.003 0.2428 +0.0021
Window two-ref (M=1000) 0.335 0.330 4-0.004 0.2458 +0.0051
Window no-anchor (M=1000) 0.341 0.330 +0.011 0.2386 —0.0021
Reservoir single-ref (R=1000) 0.203 0.211 —0.008 0.2399 +0.0050
Reservoir two-ref (R=1000) 0.193 0.211 —0.018 0.2383 +0.0034
Reservoir no-anchor (R=1000) 0.139 0.169 —0.031 0.2320 —0.0013

4.1.4 Memory size and bootstrap anchor

The headline analysis above fixes the adaptive memory at M = R = 1500 (matched
to the federated per-client budget) and holds the bootstrap anchor on. The ablation
set (Table 3.7, M = R = 1000) tests two design choices at the smaller memory size:
the effect of dropping the bootstrap anchor (*_noBoot), and the effect of replacing
the single-reference Gaussian with the two-reference min rule (*_twoRef). Iso-accept
comparisons for these variants are listed in Table 4.2.

First, removing the bootstrap anchor has the most consistently negative effect on the
iso-accept gap among the ablated design choices. Without it, the reference contracts
around recently accepted frames, the threshold tightens, and “novelty” becomes a
moving target relative to the recent memory rather than the bootstrap distribu-
tion. This mechanism is evidenced in the results: both no-anchor variants are the
only adaptive rows with a negative iso-accept gap (—0.0021 for window no-anchor,
—0.0013 for reservoir no-anchor), and the reservoir no-anchor acceptance rate col-
lapses to p ~ 0.14, well below the calibrated 0.20 target. Both no-anchor variants
are matched to random partners with a small residual acceptance gap (window no-
anchor: Ap = +0.011; reservoir no-anchor: Ap = —0.031). The reservoir no-anchor
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Figure 4.5: Per-category mAP trajectories for reservoir two-reference on the cu-
rated stream. The four panels correspond to validation-set subsets obtained by
filtering the ~10 000-frame validation split on metadata: night and twilight (time-
of-day buckets from Section 3.10) and wet and snow (road-condition buckets). Each
curve is the seed-mean mAP at every checkpoint, smoothed with a centered five-
checkpoint rolling window. Faint shaded bands are the cross-seed standard deviation
across three seeds. Three lines per panel: no-filter upper bound (green), reservoir
two-reference (red dashed), and random_p21 iso-accept random baseline at p = 0.210
(grey). Reservoir two-reference sits above its random partner on night and twilight
through much of the stream, while tracking closely on wet and snow.

gap is the larger concern. Because the swept random baselines do not include a vari-
ant at p ~ 0.14, the closest available partner is random_p17 at p = 0.169, and the
reported A mAP of —0.0013 is partly confounded by data volume. The magnitude
of this result should not be compared directly with the other rows. The direction—a
negative gap—is interpretable and consistent with the window no-anchor finding.

Second, the two-reference rule and the memory-size choice are secondary. At M =
R = 1000, two-reference improves on single-reference for the window family (+0.0051
vs. +0.0021) but not for the reservoir family (+0.0034 vs. +0.0050), and in both
cases the differences sit inside the three-seed standard-deviation band. Reducing
memory size from 1500 to 1000 frames shifts the iso-accept gap by up to 0.005
mAP but leaves every filter variant above its random partner. Memory size and
reference structure are thus secondary to the anchor in this setting.
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Figure 4.6: Rolling per-window acceptance rate of the headline adaptive variants
on the temporal manifest, plotted in the same conventions as Figure 4.2 but with-
out block-boundary annotations (the temporal manifest has no engineered blocks).
Composition panels are the same fields (time-of-day, road-type, weather) computed
over the same rolling window. Accept-rate spikes are smaller and the rolling com-
position is a noisy mixture rather than a step function, but the family separation
between window and reservoir variants is preserved. Acceptance rates are computed
over the same 500-frame rolling window as Figures 4.1 and 4.2.

4.1.5 Temporal replication

The block-ordered curated manifest produces clean step transitions at domain bound-
aries. A natural concern is whether the filter’s behavior depends on those engineered
boundaries. Figure 4.6 shows the same analysis on the temporal manifest, where
the same post-bootstrap frames are presented in capture-timestamp order (Sec-
tion 3.4.4). The block boundaries disappear and the rolling composition becomes
a noisy mixture, but the filters’ qualitative behavior survives: per-window accept
rates remain in the 0.15-0.5 range with the same family separation between win-
dow and reservoir variants. End-of-stream iso-accept comparisons reproduce the
curated-stream result within seed noise (window single-reference +0.0027, window
two-reference +0.0014, reservoir single-reference +0.0030, reservoir two-reference
+0.0049), all positive but small. The temporal manifest therefore confirms that the
results are not an artifact of the engineered block boundaries.

4.1.6 Streaming summary

The streaming results are summarized as follows.
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1. The bootstrap-anchored Mahalanobis filter is domain-sensitive: per-block ac-
ceptance rates vary by a factor of ~5 across the curated blocks (Figure 4.3),
and the static filter’s per-window acceptance rate directly reflects the empirical
novelty of each segment relative to bootstrap (Figure 4.1).

2. Periodic refresh keeps the filter calibrated throughout the stream: the four
headline adaptive variants maintain p ~ 0.20-0.27 (near the p = 0.20 target),
while the static filter drifts to p ~ 0.77 (Figures 4.1, 4.2).

3. At iso-accept, novelty-guided selection is modestly better than random: the
four headline pairs land between +0.0007 and +0.0067 smoothed mAP above
their iso-accept random partner (Table 4.1), with the largest gap for reservoir
two-reference at the lowest acceptance rate (p = 0.21).

4. The per-block decomposition shows that novelty-guided selection wins on a
majority of stream blocks for three of the four headline pairs (window single-
reference 10/12, window two-reference 8/12, reservoir two-reference 9/12), but
the per-block gaps span —0.017 to +0.011 mAP, so the per-block results are
mixed (Table A.1, Appendix A.1).

5. The M = R = 1000 ablation set (Section 4.1.4, Table 4.2) shows that remov-
ing the bootstrap anchor has the most consistently negative effect among the
ablated design choices: the two no-anchor variants are the only adaptive rows
with a negative iso-accept gap, and the reservoir no-anchor acceptance rate
collapses to p =~ 0.14. Memory size (1000 vs. 1500) and the two-reference
rule, by contrast, each shift the iso-accept gap by at most 0.005 mAP while
keeping every filter variant above its random partner.

6. The temporal manifest reproduces the curated picture within seed noise (Sec-
tion 4.1.5), so the results are not an artifact of the engineered block structure
of the curated manifest.

The Mahalanobis filter’s core strength in this setting is domain-shift detection: em-
bedding distances respond reliably to the lighting, weather, and road-type changes
that define the stream’s domain structure, and the acceptance-rate traces above
confirm this sensitivity. One limitation in this setting, however, is that embedding
novelty and training utility are not equivalent. A dark night frame with few visible
objects can receive a high novelty score yet contribute little to detector learning,
whereas a visually familiar city-day frame dense with objects may contribute more.
The positive but small iso-accept gap (points 3-4) likely reflects this tension.

4.2 Federated streaming

The federated experiments combine two manifest partitions and two training sched-
ules. Under the curated partition, frames are grouped by domain into four clients
(C0-C3); under the temporal partition, the stream is divided into four chronological

quartiles (Q1-Q4). The default schedule runs 30 rounds of 1000 items per client,
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Figure 4.7: Stream-window composition of the curated partition (rolling window
of 500 frames) along time of day, road type, and weather. The header strip above
the data panels carries one colored ribbon per domain-aligned client, labeled C0O-
C3. Short orange ticks at the top edge of each composition panel mark the same
boundaries. Grey dashed lines mark the underlying stream-block transitions. CO
spans the two city-day blocks (clear and cloudy); C1 covers city adverse weather and
low-light (rain, snow, twilight, night); C2 covers arterial-urban blocks; C3 covers
highway and rural environments. See Table 3.5 for frame counts.

while the heavyLocal schedule uses 10 rounds of 3000 items at the same total bud-
get. The main analysis focuses on the curated partition with the default schedule,
which provides the strongest per-client domain contrast and the most communica-
tion rounds. Results for the other three partition-schedule combinations are reported
in Section 4.2.5.

4.2.1 Per-client stream composition

Figure 4.7 shows the stream composition for the four domain-aligned client partitions
(C0-C3). Because the partition is domain-aligned, each boundary coincides with
a major domain shift. CO covers the bootstrap-similar blocks (city_day_clear,
city_day_cloudy), consisting entirely of daytime city driving with ~24% clear
weather and the rest cloudy. C1 covers the remaining city blocks (city_day_rain
_wet, city_day_snow, city_twilight, city_night), bringing ~37% night frames
and ~65% rain/wet /snow weather. C2 covers the arterial-urban blocks (arterial-urban
_day, arterial-urban_twi-night) and is day-dominated. C3 covers the high-
way and rural blocks (highway_day, highway_twi-night, arterial-rural_day,
arterial-rural twi-night, smaller-rural _all), with the most diverse road-
type mix (~42% highway, ~38% arterial-rural, ~20% smaller-rural) and ~25% snow
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Figure 4.8: Stream-window composition of the temporal partition along the same
three dimensions as Figure 4.7 (rolling window of 500 frames). The header strip
above the data panels carries one colored ribbon per chronological client, labeled
Q1-Q4. Short orange ticks at the top edge of each composition panel mark the
same boundaries. Unlike the curated partition, each quartile spans a mixture of road
types and conditions, with a chronological rather than domain-aligned gradient. Q4
has roughly three times the night fraction of Q1, and Q3 carries by far the most
winter snow content.

weather.

Figure 4.8 shows the temporal partition, where the stream is divided into four equal-
sized chronological quartiles (Q1-Q4), each spanning a mixture of road types and
conditions. Unlike the curated partition, composition differences between clients are
more gradual, following a chronological rather than domain-aligned gradient. Q1 is
the most bootstrap-similar quartile (high day fraction, high city share, ~35% clear
weather). Q2 carries the highest rain/wet fraction and the heaviest arterial-urban
share. Q3 has by far the most winter snow content (~24%, vs. <8% for the others).
Q4 is the most night-heavy (~30% night frames vs. 10-23% for the others). Because
every quartile spans all road types, the temporal partition tests whether the filter
can extract a useful selection signal from a mixed-domain stream.

4.2.2 Routing behavior under fleet-pooled refresh

Per-block acceptance rates. Figure 4.9 shows the mean acceptance rate per
stream block for the three headline adaptive variants (M = R = 1500, fleet-
pooled), with the static filter on the right-hand axis. The pattern differs markedly
from the centralized case. The bootstrap-similar city_day_cloudy block shows ac-
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Figure 4.9: Per-block mean acceptance rate for the adaptive variants on the cu-
rated partition (default schedule). Lines join seed-mean acceptance rates over the
thirteen curated blocks. Faint shaded bands show the cross-seed standard deviation
across three seeds. The reservoir variants are red (solid: single-reference; dashed:
two-reference), the window two-reference variant is orange, and the static filter is
on the right-hand axis (blue) for scale. The acceptance rates at city_night and
arterial-urban_twi-night fall among the lowest adaptive values, while the static
filter remains near 1.0 on all twi-night and night blocks. Random baselines are
omitted because their per-block acceptance rates are flat by construction.

ceptance rates of 0.11-0.14. Within the C1 city blocks, city_day_rain_wet and
city_day_snow are elevated (0.18-0.25), while city_twilight and city_night are
comparatively low (0.02-0.16), likely because the fleet-pooled reference has accumu-
lated illumination-shifted content from multiple clients before those blocks are fully
processed. The sharpest drop is at arterial-urban_twi-night (0.01-0.05), where
the fleet-pooled reference has most thoroughly absorbed that domain. The reservoir
variants then rebound to 0.32-0.39 at highway_twi-night while the window family
remains near 0.10, suggesting that highway nocturnal content is still largely absent
from the city-dominated fleet reference. By contrast, the static filter (right axis) sat-
urates near 1.0 on every twi-night and night block, consistent with the centralized
case.

Per-round dynamics. Figure 4.10 shows the per-round per-client acceptance-
rate trajectories for the three adaptive variants and the static filter on the curated
partition. The per-round trajectories exhibit three notable patterns:

1. Initial novelty signature. In the first ~5 rounds, C1 consistently opens
near 0.55-0.60 across all three adaptive variants. C2 opens near the same level,
while C3 is more moderate at 0.38-0.45. CO stays below 0.20 throughout.
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Figure 4.10: Per-round per-client acceptance-rate trajectories for the four filters
on the curated partition (default schedule). Each panel is one filter (reservoir two-
reference, reservoir single-reference, window two-reference, static filter); each line
is one client. Lines are smoothed with a centered three-round window. Shaded
bands are the three-seed standard deviation. Y-axes are auto-scaled per panel: the
static filter saturates near 1.0 while the adaptive filters operate in 0.0-0.6. All three
adaptive filters show a strong early novelty signature (C1-C3 elevated, CO damped)
that converges to a near-uniform 0.10-0.20 acceptance rate by round ~10 as the
fleet-pooled refresh equalizes the global reference. The static filter reaches near-1.0
acceptance rates on C1 and C2 as their night and twi-night frames are processed.

2. Adaptive convergence. Within ~10 rounds, all four clients settle into the
calibrated 0.10-0.20 range. The fleet-pooled refresh of Section 3.9.4 equal-
izes references across clients, so the per-client differentiation diminishes as the
global reference accumulates content from all clients.

3. Static saturation. The static filter shows high acceptance rates throughout.
Without refresh, the acceptance rate approaches 1.0 on segments that are
domain-shifted relative to the bootstrap, as the filter accepts nearly every
frame on night and twi-night content.

Per-round dynamics on the temporal partition. Figure 4.11 shows the same
analysis for the reservoir two-reference filter on the temporal manifest. The chrono-
logical partition produces a different early signature. Q2 is the most elevated client
in the first ~5 rounds, consistent with the rain/wet fraction visible in Figure 4.8,
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Figure 4.11: Per-round per-client acceptance-rate trajectories for the reservoir
two-reference filter on the temporal partition (default schedule). Conventions follow
Figure 4.10. Only one panel is shown because only the reservoir two-reference filter
is run as an adaptive variant on the temporal partition (Table 3.8). In the first ~5
rounds, Q2 is the most elevated client. Q1 starts at a comparatively low acceptance
rate, consistent with its bootstrap-similar city-day content.

while Q1 starts close to CO’s curated trajectory. The mid-round bump on Q1 around
round 15 likely arises because the fleet-pooled reference, updated with content from
Q2-Q4, has drifted away from Q1’s bootstrap-similar frames. Convergence to a
near-uniform ~0.10 acceptance rate is slower than in the curated partition, as tem-
poral clients span a mix of conditions rather than one dominant domain.

Per-client novelty ratio. Table 4.3 summarizes the per-client routing as the
novelty ratio: mean acceptance rate on C1-C3 divided by the fleet-wide acceptance
rate. A value above 1.0 indicates that C1-C3 each accept frames at a higher rate
than the fleet-wide average, implying C0 accepts below average. Since CO is the most
bootstrap-familiar client rather than the bootstrap itself, this ratio is a partition-
specific indicator of routing direction rather than an absolute novelty measure. The
per-round accept-rate trajectories in Figure 4.10 break this down by individual client.
The static filter is the clearest router (novelty ratio 1.249 on the curated partition)
but saturates and drifts. Among the adaptive filters, the single-reference variants
route in the same direction: reservoir single-reference and window single-reference
both reach 1.207, meaning C1-C3 contribute about 20% more accepted frames than
their fleet share. The two-reference variants are closer to neutral (window two-
reference at 0.933, reservoir two-reference at 0.997), likely because the min scoring
rule folds recent client data into the running reference more aggressively, reducing
the per-client novelty signal.

4.2.3 Detection quality at iso-accept

Iso-accept comparison. Figure 4.12 shows smoothed tail-5 validation mAP against
empirical acceptance rate for the curated partition (default schedule). At p ~ 0.12—
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Table 4.3: Per-client novelty ratio (mean acceptance rate on C1-C3 divided by
fleet-wide acceptance rate) for the adaptive filters across all four partition-schedule
combinations. Random partners are omitted (they sit on ~1.00 by construction).
Shaded rows mark the headline reservoir two-reference filter in each combination.

Filter Setting p Nov. ratio
Static 1o default, curated 0.769 1.249
Window single-ref  default, curated 0.117 1.207
Window two-ref default, curated 0.118 0.933
Reservoir single-ref default, curated 0.175 1.207
Reservoir two-ref default, curated 0.155 0.997
Reservoir two-ref default, temporal 0.186 0.974
Window single-ref  heavyLocal, curated 0.269 1.253
Window two-ref heavyLocal, curated  0.251 1.200
Reservoir single-ref heavyLocal, curated  0.267 1.254
Reservoir two-ref heavyLocal, curated  0.249 1.222
Reservoir two-ref heavyLocal, temporal 0.297 1.045

Table 4.4: Iso-accept comparison for the adaptive filters on the curated partition
(default schedule). Each row is one (filter, iso-accept random) pair; pairings follow
the Partner column of Table 3.8. Acceptance rates are empirical means across three
seeds; the accept gap is filter minus random. Smoothed mAP is the tail-5 mean for
each variant.

Pair Filter p Random p Ap Filter mAP A mAP
Static mog 0.769 0.768 +0.000 0.2312 —0.0022
Window single-ref 0.117 0.120 —0.003 0.2242  +0.0005
Window two-ref 0.118 0.120 —0.001 0.2245 +0.0008
Reservoir single-ref 0.175 0.179 —-0.004 0.2265 +0.0016
Reservoir two-ref 0.155 0.149 +40.005 0.2259 +0.0049

0.18, all four adaptive filters land above their iso-accept random partner, from
+0.0005 to +0.0049 mAP. The largest gap is for reservoir two-reference (40.0049
at p = 0.155), the same family as in the centralized setting. The static filter sits
below its iso-accept random partner at p ~ 0.77 (—0.0022) because without refresh
it accepts nearly every frame on night and twi-night blocks. The four headline filter
acceptance rates match their random partners to within 0.006, so the small gaps
measure selection quality rather than data volume (Table 4.4).

Per-category trajectories. Figure 4.13 shows per-category mAP trajectories for
reservoir two-reference, its iso-accept random partner, and the no-filter upper bound
across the four evaluation categories (night, twilight, wet, snow). Validation mAP
rises through rounds 5-20 and then dips in later rounds. The same dip appears in
the no-filter upper bound. Reservoir two-reference opens above its random partner
in the first ~10 rounds, with the early advantage fading over subsequent rounds.
The window two-reference trajectories (Figure A.2, Appendix A.3) show the same
early lead but diverge thereafter: the filter falls clearly below random on night from

49



4. Results

0.2375 T
*
0.2350 A J
& 0.2325 Ist e
atllC (7y
& 2
12 0.2300 - J
‘T
o
= i
o 0.2275 ( Reservoir single-ref
< - @eservoir.two-ref
o
g 0.2250 - W‘lr@ow two-ref
2 ®
I no-filter
0.22257 I static
I ! window
0.2200 + I reservoir
I random
0.2 0.4 0.6 0.8 1.0

Effective accept rate

Figure 4.12: Smoothed tail-5 validation mAP vs. empirical acceptance rate for
the curated partition (default schedule). Each marker is a federated variant. Filter
variants appear in color: window family in orange, reservoir family in red, static
filter in blue, with the no-filter upper bound at the right edge. The random sweep is
a dotted grey envelope; grey error bars at each tested rate show the seed standard
deviation. Both reservoir variants sit above the random envelope at p ~ 0.12-0.18;
the window variants exceed the mean random partner but remain within seed noise.
The static filter sits below the envelope at p ~ 0.77.

round ~10 onward while remaining near-neutral on wet and snow.

4.2.4 Sensitivity ablations

Two design choices are evaluated as ablations: the calibration percentile (Sec-
tion 3.6.2) and the two-reference rule (Section 3.8.2). Each ablated variant is
compared to a matched baseline within the same partition-schedule combination,
with random partners matched to the ablated filter’s empirical acceptance rate (Ta-
ble 3.8). The server-side refresh cadence is not ablated here. The centralized static
filter (Section 4.1.1) already demonstrates the same drift mechanism more cleanly
and motivates the once-per-round schedule used here.

Calibration percentile. Table 4.5 tests whether tightening the calibration per-
centile from p = 0.20 to p = 0.10 (or p = 0.15 under the heavyLocal schedule)
can save compute without hurting detection quality. Every comparison is negative:
the tighter budget reduces mAP by 0.006-0.011 on the default schedule and by
0.003—-0.008 on heavyLocal. Halving the acceptance rate roughly halves the num-
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Figure 4.13: Per-category mAP trajectories for reservoir two-reference on the
curated partition (default schedule). The four panels correspond to validation-set
subsets filtered on metadata (Section 3.10): night and twilight (time-of-day buck-
ets) and wet and snow (road-condition buckets). Each curve is the seed-mean mAP
at every communication round, smoothed with a centered five-round window. Faint
shaded bands are the cross-seed standard deviation across three seeds. Three lines
per panel: no-filter upper bound (green), reservoir two-reference (red dashed), and
fed_random_p15 iso-accept random baseline (grey). Reservoir two-reference opens
above its random partner in the first ~10 rounds; the early advantage then fades
over subsequent rounds.

ber of gradient steps, from ~2700 to ~1300 on the default schedule (Table 3.8).
The buffer-bounded optimizer (Section 2.6) cannot recover the lost training volume
through smarter selection alone. Tightening the calibration percentile therefore
does not offer a practical compute saving in the federated setting, where per-client
gradient steps are already fewer than in the centralized case.

Two-reference rule. At matched percentile, replacing the single-reference Gaus-
sian with the two-reference min of Section 3.8.2 is roughly neutral on the default
schedule (4+0.0003 window, —0.0006 reservoir, +0.0035 reservoir at 719) but clearly
positive under the heavyLocal schedule (+0.0120 for window, +0.0011 for reservoir,
+0.0036 for reservoir 15; Table 4.6). One plausible explanation, consistent with the
design rationale in Section 3.8.2, is that the two-reference rule is most beneficial
when the accepted memory has drifted sufficiently far from the bootstrap distri-
bution that a single Gaussian provides a poor fit to the combined reference set.
That condition is met sooner under heavyLocal, where each client trains on a longer
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Table 4.5: Federated ablation: calibration percentile. Each row compares a 7o
baseline against a tighter 719 (or 715) variant within the same partition-schedule
combination. A mAP is the ablated minus the baseline smoothed tail-5 mAP; Ap
is the ablated minus the baseline empirical acceptance rate (negative because the
tighter percentile accepts fewer frames).

Pair Setting Ap Baseline mAP A mAP
Window: m0—T10 default, curated —0.062 0.2242 —0.0057
Reservoir: m90—719 default, curated —0.099 0.2265 —0.0105
Reservoir two-ref: mo9—719 default, curated —0.084 0.2259 —0.0063
Reservoir: m0—715 heavyLocal, curated —0.050 0.2319 —0.0053
Reservoir two-ref: 799—715 heavyLocal, curated —0.042 0.2329 —0.0028
Reservoir two-ref: 7p9—719 heavyLocal, curated —0.086 0.2329 —0.0078

Table 4.6: Federated ablation: two-reference vs. single-reference at matched per-
centile. A mAP is two-reference minus single-reference smoothed tail-5> mAP within
the same variant family, percentile, and partition-schedule combination.

Pair Setting Single-ref mAP A mAP
Window default, curated 0.2242  40.0003
Reservoir default, curated 0.2265 —0.0006
Reservoir (70) default, curated 0.2161 +0.0035
Window (heavy-local) heavyLocal, curated 0.2136  +0.0120
Reservoir (heavy-local) heavyLocal, curated 0.2319 +0.0011
Reservoir (heavy-local, 715) heavyLocal, curated 0.2266 +0.0036

sub-stream before the next refresh.

4.2.5 Temporal and heavyLocal replication

The curated partition with the default schedule provides the most favorable condi-
tions for domain-sensitive routing, given its strong per-client domain contrast and
high number of communication rounds. The three remaining partition-schedule
combinations test whether the main result holds under weaker per-client domain
structure and fewer communication rounds.

Temporal manifest, default schedule. With the chronological partition (Q1—
Q4), the two reservoir two-reference budgets land within £0.001 of their iso-accept
random partner: —0.0010 at p = 0.15 (p = 0.146) and +0.0011 at p = 0.20 (p =
0.186). The sign of the gap remains the same as the curated partition (the p = 0.20
filter beats random while the lower-budget p = 0.15 filter does not), but the absolute
gap shrinks from +0.0049 to +0.0011 without per-client domain contrast.

Curated manifest, heavyLocal schedule. The no-filter upper bound is essen-
tially unchanged from the default schedule (0.2360 vs. 0.2363). Iso-accept gaps
against the p = 0.26 random partner are window single-reference —0.019, window
two-reference —0.007, reservoir single-reference —0.001, and reservoir two-reference
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+0.000 (Table 3.8). The window single-reference loss of —0.019 exceeds the three-
seed standard deviation and is the largest negative gap in the chapter. Reservoir
two-reference is the only headline variant with a non-negative iso-accept gap, con-
sistent with the default-schedule result. The window family’s larger losses are con-
sistent with the recency-biased window being more sensitive to longer per-round
training episodes: each client exhausts its local data in fewer rounds, and by the
time the server refreshes, the window reference has drifted further from current
client content than the reservoir reference does. Under longer local episodes, the
window memory retains exclusively recent content, losing all representation of ear-
lier stream segments by refresh time—which means the fleet reference is assembled
from a narrower slice of each client’s data and the bootstrap anchor’s stabilizing role
is diminished.

Temporal manifest, heavyLocal schedule. This is the only combination where
the filter clearly beats its iso-accept random at both surveyed budgets: 40.0026 at
p = 0.15 and +0.0037 at p = 0.20. Two possible explanations may contribute,
though the data do not separate them. First, Q4 carries the highest night-frame
share of any quartile (~29%). The fleet reference pools content from all four clients,
so Q4’s night-heavy frames remain relatively novel to the scoring model throughout
training, giving the filter a sustained novelty signal to exploit. Second, the heavy-
Local schedule’s longer per-round episodes may amplify per-client selection differ-
ences that are too small to detect under the default schedule. The gap (40.0037
at p ~ 0.30) is nonetheless smaller than in the main curated result (+0.0049 at
p = 0.155), indicating the per-frame selection advantage is weaker in this mixed-
domain setting.

4.2.6 Federated summary

The federated results are summarized as follows.

1. The Mahalanobis filter is domain-sensitive in the federated setting. The static
filter’s per-block acceptance rates follow the centralized pattern (high on twi-
night and night blocks). All three adaptive variants show the same bootstrap-
anchored novelty signature in their first ~5 rounds: C1-C3 elevated, CO
damped (Figure 4.10).

2. Fleet-pooled refresh keeps the filter calibrated. The adaptive variants converge
to a near-uniform 0.10-0.20 acceptance rate by round ~10, while the static
filter’s acceptance rate approaches 1.0 on blocks that are domain-shifted rela-
tive to the bootstrap. The single-reference adaptive variants retain a residual
novelty ratio of ~1.2 on the curated partition, while the two-reference variants
sit near 1.0 (Table 4.3).

3. At iso-accept, all four adaptive filters land above their random partner on
the curated partition, from +0.0005 to +0.0049 mAP. The largest gap is for
reservoir two-reference (+0.0049 at p = 0.155, Table 4.4), replicating the cen-
tralized result. Per-category trajectories show reservoir two-reference opening
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o4

above its random partner in the early rounds, with the early advantage fading
over subsequent rounds (Figure 4.13), while window two-reference develops a
clear night deficit after the early rounds (Figure A.2, Appendix A.3).

. Results replicate across all four partition-schedule combinations. Reservoir

two-reference is the only adaptive variant with a non-negative iso-accept gap
in every combination. Among the three replication settings, temporal heavy-
Local produces the largest positive gap (+0.0037 at p = 0.20). Under the de-
fault schedule, the higher number of communication rounds pushes per-client
novelty routing toward 1.0.

. Sensitivity ablations isolate two secondary axes. Tightening the calibration

percentile from p = 0.20 to p = 0.10 reduces mAP in every combination
(Table 4.5): federated clients cannot recover the missing gradient steps through
smarter selection. The two-reference rule is neutral on the default schedule
but improves by up to +0.0120 mAP on heavyLocal (Table 4.6), where the
accepted memory drifts furthest from the bootstrap and a single Gaussian is
the poorest fit.
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Conclusion

This thesis studied novelty-aware frame selection for streaming object detection. A
Mahalanobis-distance filter scores each incoming frame against a bootstrap-anchored
reference Gaussian, accepting frames whose score exceeds a calibrated threshold for
training. The scoring snapshot, reference, and threshold are periodically refreshed
as the detector adapts. The mechanism was evaluated centrally and in a four-client
federated setting, across two stream orderings and multiple design variants, with
volume-matched random baselines throughout.

5.1 Findings

The five research questions posed in Section 1.2 are addressed in turn below.

Domain sensitivity and calibration (RQ1, RQ2). The distribution-based fil-
ter is genuinely domain-sensitive (RQ1): per-block acceptance rates vary by a factor
of ~5 across the curated stream, with the lowest values on city-day blocks close to
the bootstrap domain and elevated values on twilight and night blocks (Figure 4.3).
Calibration at the p = 0.20 target, however, requires periodic refresh (RQ2). With-
out it, the static filter drifts from its calibrated target to an empirical p ~ 0.77 by the
end of the stream, approaching p = 1.0 on twi-night and night blocks (Figure 4.1).
Periodic refresh jointly recalibrates the snapshot, reference Gaussian, and thresh-
old at each interval, maintaining per-block sensitivity while keeping the empirical
acceptance rate near the calibrated target throughout the stream.

Design choices and detection quality (RQ3, RQ4). Among the adaptive
design choices (RQ3), removing the bootstrap anchor has the most consistently
negative effect, producing the only adaptive variants with a negative iso-accept gap
and causing the reservoir no-anchor acceptance rate to collapse to p ~ 0.14 as novelty
drifts toward a moving target. The window-versus-reservoir difference is secondary
but visible in routing behavior: by the rural tail the reservoir treats late-stream
frames as largely redundant while the window remains more permissive, reflecting
their different priors about what to remember.

Evaluated against volume-matched random baselines (RQ4), three of the four head-
line adaptive variants show iso-accept gaps that exceed the cross-seed noise on the cu-
rated stream (Table 4.1): window single-reference (+0.0039), window two-reference
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(4+0.0038), and reservoir two-reference (+0.0067). The smallest gap, reservoir single-
reference at +0.0007, is within the standard deviation of its random partner and
should be treated as a null result (Section 3.10.5). Both the routing pattern and the
reliable iso-accept gaps replicate on the temporal manifest, confirming these results
are not artifacts of the engineered block structure.

Although consistently positive, the gains are modest: distributional novelty and
training utility do not fully align. A night frame with few visible objects scores high
under the bootstrap Gaussian yet contributes little to detector learning, whereas
a city-day frame dense with annotations may contribute more gradient signal per
training step.

Federated extension (RQ5). The proposed mechanism extends naturally to the
four-client federated setting (RQ5), broadly replicating the routing and calibration
behavior of the centralized case. In the first ~5 rounds, C1-C3 show elevated accep-
tance rates while CO remains near the calibrated target, reflecting each client’s dis-
tance from the bootstrap domain—the same novelty signature seen in the streaming
setting. Fleet-pooled refresh then causes per-client rates to converge by round ~10,
as the global reference expands to span all clients’ data (Figure 4.10). At iso-accept,
the four adaptive headline filters land between +0.0005 and +0.0049 smoothed mAP
above their random partners on the curated partition (Table 4.4). With a shared
fleet reference, differences in per-client acceptance rates reflect genuine differences
in data composition rather than drift in each client’s separately maintained refer-
ence, keeping the routing patterns interpretable across clients. Across both settings,
reservoir two-reference is the only variant with a non-negative iso-accept gap in ev-
ery partition-schedule combination tested—the strongest practical recommendation
this work can offer.

5.2 Limitations and future work

The modest detection gains partly reflect the streaming training setup: a small
buffer limits gradient steps per accepted frame, and accepting only a fraction of
frames means less data overall than a no-filter baseline. Within the iso-accept com-
parison, filter and random operate under the same constraints, so these factors limit
the absolute scale of gains without biasing the comparison. A more fundamental
limitation is that distributional novelty does not fully align with training utility.
This misalignment would persist even with a larger buffer or a higher acceptance
rate, because it reflects what the novelty score measures rather than how many
frames are accepted.

All experiments assume that labels are available for every accepted frame. In prac-
tice, annotations would require human labelers, model-generated pseudo-labels, or
a self-supervised objective. Given that the framework is designed to reduce the
number of frames forwarded for training, this assumption is significant: the novelty
filter reduces training compute but does not reduce annotation cost unless com-
bined with a labeling strategy. How annotation quality and availability interact
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with novelty-guided selection is therefore an important open question with direct
practical implications.

Closing the gap between distributional novelty and training utility is the most
promising direction for future work. The most direct path is extending the novelty
score with detection-relevant signals such as object density or per-frame detector
confidence. ZOD is described as a multimodal dataset [3] and provides additional
sensor streams beyond images, including LiDAR point clouds. Incorporating such
modalities into the backbone representation could further enrich the novelty signal
and better capture the full domain shift experienced by the vehicle.

The empirical findings also suggest directions for improving the scoring model and
memory structure. The dominant role of the bootstrap anchor suggests that allowing
it to adapt as the target distribution evolves could improve calibration under large
domain shifts. More generally, replacing the single Gaussian reference with a mixture
model that represents multiple driving domains in the feature space could yield a
more expressive novelty signal than the two-reference ablation tested here. The
choice between sliding-window and reservoir memory likewise depends on application
requirements: the reservoir maintains broader coverage of all seen content but may
under-weight frames that are genuinely novel yet similar to accumulated memory;,
while the window stays current at the cost of forgetting earlier domains.

A separate practical constraint in the federated design is that the server re-embeds
accepted frames under the current global model at every round. In real deployment
this would require transmitting raw frame data from clients to the server, raising
bandwidth and privacy concerns at fleet scale. Approaches that avoid centralizing
raw frames, such as computing embeddings locally under a shared model snapshot,
would be a prerequisite for privacy-preserving deployment. This requires that clients
use a synchronized snapshot at each scoring round.

As training progresses through later stream domains, detection quality on earlier-
encountered domains erodes. Replay or regularization-based continual learning
could help mitigate this forgetting. The evaluation is further limited to ZOD
Frames, a sparse-keyframe dataset in which consecutive training frames typically
originate from different drives. Whether comparable gains hold on continuous high-
rate streams, where the primary challenge shifts to filtering near-identical frames
rather than detecting domain shift, remains an open question.
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Supplementary results

A.1 Streaming: per-block iso-accept decomposi-
tion

Table A.1 reports the per-block iso-accept AmAP for the four headline adaptive
variants on the curated stream (M = R = 1500). Each row lists the mean gap
across all blocks, plus the most favorable and most unfavorable block for that variant.
Discussion appears in Section 4.1.3.

Table A.1: Per-block iso-accept comparison summary on the curated stream (M =
R =1500). Mean A is the per-block gap averaged across all blocks. Max-block and
min-block report the most favorable and most unfavorable blocks for each pair; A
values are filter minus iso-accept random mAP.

Pair A mAP Max block Max A Min block Min A
Window single-ref =~ 4+0.0037 arterial-rural_twi-night +0.008 highway_day —0.002
Window two-ref +0.0008 city_day_clear +0.008 arterial-rural_twi-night —0.009
Reservoir single-ref —0.0006 arterial-rural_twi-night +0.009 highway_twi-night —0.010
Reservoir two-ref 40.0031 city_day_clear +0.011 highway_twi-night —0.017

A.2 Streaming: per-category mAP trajectories (win-
dow pair)

Figure A.1 shows per-category mAP trajectories for window two-reference; the reser-
voir two-reference counterpart appears in Figure 4.5 and is discussed in Section 4.1.3.

A.3 Federated: per-category mAP trajectories (win-
dow pair)
Figure A.2 shows per-category mAP trajectories for window two-reference on the

curated partition; the reservoir two-reference counterpart appears in Figure 4.13 and
is discussed in Section 4.2.3.
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Figure A.1: Per-category mAP trajectories for window two-reference on the cu-
rated stream. Four panels show night and twilight (time-of-day buckets) and wet
and snow (weather buckets). Each curve is the seed-mean mAP at every checkpoint,
smoothed with a centered five-checkpoint rolling window. Faint shaded bands are
the cross-seed standard deviation across three seeds. Three lines per panel: no-filter
upper bound (green), window two-reference (orange dashed), and random_p27 iso-
accept random baseline at p = 0.270 (grey). Window two-reference and its random
partner track each other closely on the four evaluation categories, well within the
three-seed band at most checkpoints, and both stay below the no-filter upper bound
by a roughly constant gap.
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Figure A.2: Per-category mAP trajectories for window two-reference on the cu-
rated partition (default schedule), plotted in the same panels and conventions as
Figure 4.13 (seed-mean lines, faint cross-seed std bands, centered five-round smooth-
ing). Three lines per panel: no-filter upper bound (green), window two-reference
(orange dashed), and fed_random_p12 iso-accept random baseline (grey). Window
two-reference opens above its random partner in the early rounds, then falls clearly
below on night from round ~10 onward, while remaining near-neutral on wet and
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