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Abstract

Panoptic segmentation models face increasing pressure to comply with privacy reg-
ulations and data-subject withdrawals, necessitating the post-hoc removal of spe-
cific training data. While machine unlearning bypasses the prohibitive cost of full
retraining, it remains severely underexplored in dense prediction tasks. This chal-
lenge is particularly acute in transformer-based decoders, which couple individual
object instances through shared query representations; consequently, suppressing
a single target risks catastrophic degradation of its entire semantic class. This
bottleneck intensifies under sequential deletion, where continuous updates often ac-
cumulate collateral damage or restore previously forgotten targets. To address this,
we propose PAUSE (Post-Hoc Asymmetric Unlearning for Sequential Erasure), a
post-hoc teacher-student framework tailored for query-structured architectures like
Mask2Former. By integrating localized instance erasure with asymmetric gradient
projection, damage-aware dynamic weighting, and a priority-ordered replay memory,
PAUSE safely untangles the unlearning objective from shared features. Extensive
evaluations on the Cityscapes dataset against NegGrad, NegGrad+, and SCRUB
baselines demonstrate that PAUSE successfully processes sequential deletion queues,
cleanly erasing targeted instances while bounding global utility degradation to a
marginal APQ of —0.4 percentage points. Finally, we formalize the fundamental
tension between class-level retention and instance-level erasure, establishing a criti-
cal trade-off baseline for future dense-prediction unlearning systems.

Keywords: machine unlearning, panoptic segmentation, sequential erasure, trans-
former decoders, privacy compliance, Mask2Former, dense prediction
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Chapter 1

Introduction

As dense vision systems increasingly permeate privacy-sensitive domains, the ability
to selectively forget learned information has transitioned from a theoretical concept
to a critical operational imperative. Driven by data protection regulations such as
the GDPR’s right to erasure [14], the technical capacity to eradicate individual data
influences from trained networks is now an indispensable prerequisite for responsible
AT deployment [2], [18]. To address the formidable challenge of unlearning highly
localized visual entities, we introduce PAUSE (Post-Hoc Asymmetric Unlearning
for Sequential Erasure). Our framework is a research pipeline engineered for post-
hoc, sequential, instance-level unlearning within panoptic segmentation models.
Constructed upon the Mask2Former architecture [29] with a Swin Transformer back-
bone [32], PAUSE selectively excises specific object instances without necessitating
comprehensive retraining. We structure our pipeline within a teacher—student frame-
work: a frozen teacher network provides reference predictions, whilst we incremen-
tally update a trainable student network to suppress designated target instances.
By examining this paradigm within a highly constrained environment—where tar-
get and retained regions share spatial dimensions and decoder representations—we
establish a foundational approach to dense instance-level forgetting.

1.1 Background

To contextualise the technical contributions of our work, this section establishes
the fundamental theoretical and architectural paradigms upon which our PAUSE
framework is constructed. We first outline the task of panoptic segmentation and
the structural mechanics of the Mask2Former architecture that serve as our baseline
model. Subsequently, we review the core principles of machine unlearning, tracing
the evolution from exact data deletion to modern approximate methods. Finally,
we synthesise these domains by examining the acute complexities of instance-level
unlearning within dense prediction environments, thereby framing the specific tech-
nical hurdles our methodology addresses.

1.1.1 Panoptic Segmentation

Panoptic segmentation [16] amalgamates semantic and instance segmentation to pro-
vide a cohesive representation of visual scenes. Each pixel is allocated a semantic



class and, for countable objects, a distinct instance identity. The task differen-
tiates between thing classes (countable entities like vehicles and pedestrians) and
stuff classes (amorphous regions like skies and roadways). By unifying these tasks,
models must simultaneously reason about amorphous textures and distinct object
boundaries. Performance is predominantly quantified via Panoptic Quality (PQ),
which evaluates both detection precision (Recognition Quality) and mask overlap
fidelity (Segmentation Quality). This RQ/SQ decomposition is particularly valuable
for our unlearning evaluation, as it allows us to diagnose whether a model has for-
gotten an object’s existence (low RQ) or merely degraded its spatial boundaries (low
SQ). In our evaluation, PQ and its class-specific derivations serve as the primary
barometers for retained model utility.

1.1.2 Mask2Former

Mask2Former [29] is a versatile architecture capable of executing panoptic, instance,
and semantic segmentation within a unified framework. It deploys learnable object
queries, decoded via transformer layers, to generate categorical and binary mask
predictions. A pivotal feature is masked attention, which confines cross-attention to
the predicted mask region from the preceding decoder layer. This localised feature
extraction is highly advantageous for our unlearning framework, as it inherently
restricts the spatial receptive field of each query. The architecture comprises a hier-
archical backbone network [32] for multi-scale feature extraction, a pixel decoder to
generate high-resolution embeddings, and a transformer decoder that processes the
queries. Because query assignments are resolved via bipartite matching during train-
ing, we must employ a corresponding query-matching protocol during unlearning to
identify the specific parameters responsible for a target instance. In our PAUSE
strategy, we freeze the backbone and pixel decoder, isolating parameter updates
exclusively to the transformer decoder.

Figure 1.1: Mask2Former [29] architecture diagram



1.1.3 Machine Unlearning

Machine unlearning eradicates the influence of designated training data from a pre-
trained model without exhaustive retraining [2]. Because exact unlearning methods
(e.g., SISA [18]) scale poorly on massive models due to the requisite data partitioning
and retraining, current research emphasises approzrimate unlearning. This approach
adjusts a trained model using gradient manipulation to replicate the behaviour of
a retrained baseline, balancing the fundamental tension between forgetting the tar-
get data and retaining core model utility. Prominent methodologies in this space
include SCRUB [42], Bad Teacher [37], and SalUn [40]. The privacy vulnerabilities
necessitating these frameworks are well-documented in dense prediction; member-
ship inference attacks against segmentation models confirm that these architectures
internalise specific characteristics of training samples [21].

1.1.4 Instance-Level Unlearning in Dense Prediction

Unlike image classification, where forgetting occurs at the broader class or image
level, instance-level unlearning targets a specific object instance within a single im-
age. In panoptic segmentation, this is exceptionally challenging. Target pixels are
spatially contiguous with retain pixels, creating a severe risk of boundary leakage
where the erasure signal damages surrounding non-target objects. Furthermore,
the query-based mechanism means suppressing one query may disrupt adjacent or
identically classified queries via shared self-attention pathways, leading to same-class
collateral damage. Eradicating a singular vehicle risks degrading all vehicle represen-
tations unless the unlearning signal is meticulously isolated. Sequential unlearning
introduces the additional threat of catastrophic accumulation, wherein successive
iterations progressively compound these errors, compromising general utility or in-
advertently reactivating previously suppressed instances. We address these obstacles
through localised erasure protocols, asymmetric gradient projection, and dynamic
loss weighting.

1.2 Rationale of the Study and Motivation

Panoptic segmentation models trained on sophisticated urban scene datasets, such
as Cityscapes [5], inherently encode granular, instance-level representations of the
objects they categorise. In real-world deployment scenarios—including autonomous
vehicle navigation and smart city surveillance—these models process environments
containing identifiable individuals and personal assets. The demonstrated capacity
of deep segmentation architectures to memorise specific training permutations, as
evidenced by successful membership inference attacks [21], renders the operational-
isation of selective data removal an urgent technical necessity.

While efficacious in classification domains, existing approximate unlearning method-
ologies lack direct applicability to panoptic segmentation architectures. Traditional
classification unlearning operates holistically across entire classes or discrete images;
conversely, our requirement demands the precise suppression of a singular instance
within an image whilst preserving all surrounding contextual data. Dense, pixel-level
predictions generate complex spatial interdependencies absent in standard classifi-
cation tasks. Furthermore, the query-based operational mechanics of Mask2Former



exacerbate these difficulties, as queries constantly interact and compete via self-
attention mechanisms; the suppression of one query inherently risks redistributing
its contextual evidence to adjacent queries. To the best of our knowledge, no prior
literature has systematically investigated instance-level unlearning for panoptic seg-
mentation within a sequential operational context. This represents a significant
research gap and a pressing practical requirement that our work directly addresses.

1.3 Problem Statement

We formally define the instance-level panoptic unlearning paradigm as follows. Let
fa, : T — Y be a pretrained panoptic segmentation model (the teacher) that maps
an image [ € 7 to a set of () query predictions:

Q
q=1’

foo : I —> {(pq, my) (1.1)

where p, € A denotes a distribution over C' semantic classes (plus a “no object”
class @), m, € [0,1]7*W is a soft per-pixel mask, and a fixed, non-learnable fusion
operator II(-) collapses the query set into a panoptic map. A removal request is a
target instance specified as a tuple:

(ft, Mt Ct)7 (1.2)

where I; is the image, u; € {0, 1}7*W is the binary mask of the target, and ¢; is its

class. Given a stream of T' such requests, our goal in sequential instance-level
unlearning is to produce a chain of in-place parameter updates 8y — 6; — -+ —
Or, applied by an operator U,

Ht = u(et—l; It::utact)7 -/—-;f = -Ft—l U {(Italutvct)}7 fO = ®7 (13)

where 6, is never obtained by retraining from 6y, and R = D\, {(1:, i, ¢+) } denotes
the retain set. The chain of updates must satisfy the following conditions:

1. Forgetting Condition: For every removed instance, no segment of its class
may survive in the rendered output; formally, for all (I, u,c) € F;, there exists no
segment s € II(fy, (1)) with class(s) = ¢ and s N pu # @. The condition is enforced
on the panoptic output, not on internal query scores.

2. Retention Condition: Predictions on the retain set R must remain be-
haviourally close to the teacher fo,, i.e. Ejur d(fo, (1), fo,(1)) < € for a divergence d
and tolerance € > 0. Global utility is quantified via the absolute change in Panoptic
Quality (APQ).

3. Sequential Non-Resurgence: The forgetting condition must hold over the
cumulative set JF;, so that for any previously processed target j < t, the instance
erased at step 7 does not reactivate at step t.

1.4 Objectives

Our overarching objective is the conceptualisation and empirical evaluation of PAUSE.
Our precise objectives are:

1. To investigate instance-level forgetting complexities in query-based models,
addressing spatial codependencies and sequential metric drift.

4



2. To adapt Mask2Former into a teacher—student paradigm, facilitating selective,
decoder-level updates.

3. To suppress target instances using localised erasure signals whilst safeguarding
non-target data through same-class preservation algorithms.

4. To evaluate an asymmetric gradient projection and dynamic loss weighting
system to stabilise the forget-retain equilibrium.

5. To engineer mitigation strategies against resurgence via replay memory and
student-side query re-matching.

6. To assess unlearning efficacy, retention fidelity, and sequential stability via
panoptic-output metrics and per-class analyses.

7. To transparently evaluate the framework’s limitations and the fundamental
forget-retain trade-off.

1.5 Methodology in Brief

To implement the PAUSE framework, we adopt the versatile Mask2Former archi-
tecture [29] equipped with a Swin-B backbone [32] to leverage its powerful multi-
scale feature extraction capabilities. Operating within a structured teacher—student
paradigm, our training configuration deliberately freezes both the backbone and the
pixel decoder networks. This constraint serves to safeguard foundational low-level
visual features against distortion, effectively isolating all subsequent parameter up-
dates exclusively to the transformer decoder head where high-level semantic object
queries are processed.

For each specified target instance designated for removal, a precise query matching
procedure is deployed to identify the exact object queries responsible for the tar-
get’s prediction. Once isolated, these matched queries are subjected to specialized
erase losses designed to aggressively drive both the target’s mask probabilities and
its associated class presence scores toward zero. To counterbalance this destructive
process and maintain model stability, we introduce localized retain losses. These
losses are engineered to preserve predictions in the immediate spatial vicinity ad-
jacent to the erased region, prevent collateral degradation of non-target instances
belonging to the same semantic class, and maintain the model’s global predictive
validity across the remainder of the image.

Given that erasure and retention represent fundamentally competing objectives, op-
timizing them simultaneously can induce severe gradient conflict. We resolve these
mathematical contradictions between the aggregated forget and retain gradients by
integrating an asymmetric gradient projection algorithm [26] alongside a dynamic
loss weighting framework [9] to dynamically harmonize the optimization trajectory.
This update routine is executed sequentially across two operational phases: an ag-
gressive initial erasure phase (Stage A) that prioritizes rapid target suppression,
followed by a parameter-expanded repair phase (Stage B) dedicated to restoring
baseline performance and smoothing decision boundaries. Finally, a dedicated replay
memory matrix logs previously processed targets over time, acting as a structural
anchor to prevent any downstream resurgence of forgotten concepts. The complete
end-to-end pipeline is illustrated in Figure 1.2.



Target instance Query matching Erase + retain
(1@, 5@ ) (teacher + student) loss computation
Y
Two-stage Dynamic loss Gradient projection
student update weighting (asymmetric in Stage B)
(Replay memory
Lresurgenee check

fo,

Unlearned model}

Figure 1.2: High-level overview of our PAUSE instance-level unlearning pipeline.

1.6 Scope and Challenges

Our

architectural design and analytical interpretation are governed by several fun-

damental scope limitations and technical challenges:

1.

Framework Specificity: Our empirical investigation is strictly confined to
the Mask2Former architecture utilising a Swin-B backbone on the Cityscapes
dataset. Generalisation to disparate architectures or datasets remains unval-
idated. Furthermore, we restrict our unlearning targets exclusively to thing-
class instances (e.g., vehicles, pedestrians).

. The Forget—Retain Trade-off: Suppressing a target instance unequivocally

requires altering decoder representations structurally shared with retained pre-
dictions. While our localised erasure protocols mitigate this, they cannot fun-
damentally eradicate all same-class collateral degradation.

Sequential Accumulation: Processing unlearning requests iteratively in-
troduces the acute risk that successive updates will systematically compound
utility erosion, or conversely, cause historically suppressed data to structurally
resurface.

Query Matching Drift: Continuous student parameter drift creates oper-
ational uncertainty. As the student dynamically updates, its internal routing
mechanics may reallocate an instance to an entirely distinct query than ini-
tially matched by the static teacher model.

Conservative Metric Evaluation: Determining if an instance is genuinely
“forgotten” requires stringent metrics. While per-query suppression metrics
provide insight, we prioritise panoptic-output removal metrics, as they criti-
cally reflect the model’s actual functional output and serve as a more statisti-
cally rigorous assessment tool.

Computational Constraints: The raw computational overhead necessi-
tated by continuous sequential unlearning on a standard single GPU framework
(RTX 4090, 24 GB) strictly limits the step allowances and batch complexities
we can permit per target instance.



1.7 Thesis Outline

The remainder of this thesis is organized into five chapters:

Chapter 2 presents a detailed literature review covering panoptic segmentation,
machine unlearning, gradient-based optimization strategies, and the core challenges
of instance-level forgetting in dense prediction systems.

Chapter 3 discusses the requirements, impacts, constraints, and practical consid-
erations associated with the proposed framework, including ethical, societal, envi-
ronmental, and computational aspects of sequential unlearning.

Chapter 4 introduces the proposed PAUSE framework and describes its complete
methodology, including the teacher—student architecture, target-instance matching,
localized erase and retain objectives, asymmetric gradient projection, replay-guided
sequential repair, and evaluation protocol.

Chapter 5 presents the experimental setup and result analysis, including utility
preservation, forgetting quality, sequential stability, qualitative behavior, ablation
studies, statistical analysis, and comparisons with existing unlearning baselines.
Finally, Chapter 6 summarizes the major findings of this work, discusses its con-
tributions to dense-prediction machine unlearning, and outlines potential directions
for future research.



Chapter 2

Literature Review

We explain the conceptual and technological literatures that the proposed framework
PAUSE will rely on, in this chapter. We start with the well-defined operating regime
of dense-prediction then we followed by the panoptic segmentation problem. After
that we demonstrate machine unlearning and the specific issue of granularity, which
introduced instance deletion as one of the best-studied options. We then analyze
why the structure(s) of the panoptic models are hard to selectively edit, overview the
algorithmic families that have been suggested for associated forgetting problems, and
finally merge the evaluation rules adopted in the literature. Each section is designed
to reveal by its completion, the part of design space that has yet to be developed
and that is the focus of the remainder of this thesis.

2.1 Foundational Concepts in Instance-Level Un-
learning

The slogan “making the model forget” generally refers to unlearning in binary classi-
fication.Unlearning in dense vision tasks is not as well known as “making the model
forget.” Unlike the classical, sample-based formulation, the requests that the de-
ployed segmenter will be given for each image will be spatially structured. It analyze
a single annotated object in a valid image, while the remaining annotations in that
image should be correctly predicted and also the rest of the objects of the same class
in the rest of the images throughout the dataset should be predicted with the same
accuracy. This section outlines the vocabulary, assumptions, and notation needed
to be carried on by the rest of the chapter, and which will be also formally inscribed
in the PAUSE framework.

2.1.1 Panoptic Segmentation

A dense prediction task with each pixel of an image assigned a semantic class label
and, if applicable, an instance identity, is said to be panoptic-segmentation [16].
Formally, given an input image x € R**">3  the desired output is a mapping

O {1,...,H} x{1,..., W} — Cx N, (2.1)

that sends each pixel s to a pair (c,, ks) consisting of a class label ¢, € C and
an instance identifier k;. The class set C is partitioned into two disjoint subsets,



C = Cuuft U Cinings, Where stuff classes (e.g. sky, road, vegetation) describe uncount-
able regions and admit no instance identity, while things classes (e.g. person, car,
bicycle) correspond to countable, separable objects to which a unique ks must be
assigned. By including these two seemingly separate tasks of semantic segmenta-
tion that outputs only a class map and instance segmentation that outputs only an
instance partition for things classes, panoptic segmentation subsumes the two tasks
[16].

There are three families of architectures that are important to this thesis:

e Encoder—decoder semantic backbones. FEarly panoptic systems were
created by combining a semantic-segmentation branch (FCN [1], U-Net [4],
or atrous-convolution networks of the DeepLab style [15]) and an instance-
segmentation branch using Mask R-CNN [10]. Heuristics were added on post-
hoc, fusing the two ends with end-to-end optimization of the panoptic objective
being limited.

e Query-based universal architectures. Some recent work is trying to
rephrase the panoptic segmentation task as a set-prediction problem follow-
ing the paradigm of DETR [24]. MaskFormer [30]. MaskFormer [30] adopted
the new idea of mask classification: Producing a class distribution and bi-
nary mask of every object query in a fixed-size set of N learned object queries
Q ={q,...,qn} from a transformer decoder. Then Mask2Former [29] gener-
alized this further using masked attention and multi-scale feature aggregation,
enabling it to perform well in all three tasks on this well-known dataset, panop-
tic, instance and semantic tasks in one architecture. OneFormer [38] bundled
together the three tasks in task-conditioned joint training. This family in-
cludes a model unlearned in this thesis: a Mask2Former network, which was
pre-trained on Cityscapes [5], with a Swin-B backbone.

e Mask classification as the operating substrate. Under the mask-classification
view, the model outputs, for each query ¢;, a class distribution p; € Al and
a per-pixel mask logit m; € R#¥*W . The panoptic prediction at pixel s is then
obtained by a matching step

‘P(S) = (arg Iilgcxpz‘*(s)(c), ki*(s))a i*(s) = arg m?X U(mz')(5> 'pi(éi)a (2-2)

where o is the sigmoid function and ¢; the most likely class for query . This
indirect, query-mediated assignment is the structural feature on which the
difficulty of instance-level unlearning in panoptic models ultimately rests.

The standard evaluation metric for panoptic segmentation is the Panoptic Quality
(PQ), introduced together with the task itself [16]. Given, for each class ¢, the
sets TP., FP., FN. of matched, unmatched-predicted, and unmatched-ground-truth
segments (under the rule that a pair is matched when their IoU strictly exceeds
1/2), PQ admits the multiplicative decomposition

PQ _ Z(p,g)ETPC IOU<p7 g) ) |TPC| (23>
C TP [TP.+ 3|FP.|+ J[FN,]
5Q RO,



into Segmentation Quality (SQ), defined as the average of the mask IoU evaluated in
the pairs of mask images that are matched, and Recognition Quality (RQ), an F;-like
metric for the detection. In the panoptic literature, reporting is always published
with SQ and RQ together and and any unlearning procedure that claims to preserve
utility must do so under these aggregate measures restricted to the retain set.

2.1.2 Machine Unlearning

Machine unlearning is the problem of producing, from a model fy . already trained
on a dataset D, and a designated forget subset Dy C D, an updated set of parameters
Oun1 such that the resulting model behaves as if Dy had never been part of training
[39]. Writing D, = D\ Dy for the retain set, the canonical statement of the problem

1s
1

Hunl ~ Qretraina Hretrain = arg mein m ( %D £<f9 (l’), y)’ (24)
z,y)ED,

where the notion of approximation in (2.4) can be made precise in different ways
and gives rise to the two principal categories of unlearning methods. The motivation
for the problem is partly regulatory and partly engineering. The European General
Data Protection Regulation and analogous frameworks in other jurisdictions estab-
lish a right to erasure that, when the data has been used to train a model, is widely
interpreted as requiring removal of the data’s influence from the model and not
merely from storage [14]. A complementary engineering motivation is the correction
of training data discovered to be mislabeled, corrupted, or adversarially poisoned,
where retraining is again the conceptual gold standard but is operationally pro-
hibitive [39].

Following the taxonomy now standard in the literature, unlearning methods divide
into two families [18], [39]:

e Exact unlearning guarantees that 6, is statistically indistinguishable from
Oretrain, typically through a structural argument over the training pipeline.
The SISA framework is the archetype: by partitioning D into disjoint shards,
training a constituent model on each, and aggregating predictions at inference,
the deletion of any sample reduces to retraining a single shard [18]. Exact
methods provide strong, verifiable guarantees but incur storage and accuracy
costs that scale poorly with model size.

e Approximate unlearning relaxes the indistinguishability requirement and
asks only that the influence of Dy on the parameters or outputs of the model
be reduced below a tolerable bound [19], [20]. The bound may be defined para-
metrically (a distance in weight space), behaviorally (a difference in predictive
distributions on a probe set), or adversarially (resistance to a membership
inference attack [8]). Approximate methods sacrifice provable indistinguisha-
bility for tractability and are the dominant family for large, modern vision
models. PAUSE is an approximate method in this sense.

Both families share the same two-sided objective structure: a forgetting term defined
on D; and a retention term defined on D,. The difficulty of operationalising this
structure for dense, query-based panoptic models is the central technical concern of
this thesis.
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2.1.3 Unlearning vs. Retraining

Retraining from scratch on D, remains the conceptual yardstick against which every
unlearning procedure is measured: by construction it is exact, and certifiability
follows trivially from the training recipe. For a panoptic model in the Mask2Former
family, however, this baseline is operationally untenable. A single full training run
on COCO or Cityscapes consumes tens to hundreds of GPU-hours, and the deletion
requests that a deployed system must handle are typically small, frequent, and
streamed online rather than batched into a single event [39]. Re-executing the full
training pipeline for every incoming request would dominate the operational cost
of the system and is incompatible with the latency expectations attached to legal
compliance.

Approximate unlearning trades this guarantee for tractability. Rather than recom-
puting arg ming Lp, (#) from a fresh initialisation, it perturbs the existing parameters
so as to undo the marginal contribution of Dy, typically through a small number of
carefully chosen gradient steps,

O = 6, — n(VL(0) — \fVLsH)), (2.5)

or, in some cases, through a closed-form Hessian-based correction derived from in-
fluence functions [12], [20]. The cost of this trade is paid in certifiability: an ap-
proximate procedure cannot, in general, prove that no trace of the forgotten data
remains, which has led the field to a parallel literature on auditing and verifica-
tion [8], [35]. Dense prediction sharpens the trade-off, because the parameters that
encode a single instance are entangled with those encoding many others, and an
update aggressive enough to satisfy the first term in (2.5) is also aggressive enough
to disturb the second.

2.1.4 Granularity of Unlearning Requests

A second axis along which the unlearning literature is organised is the granularity at
which the deletion request is specified. Each granularity induces a different forget—
retain partition and, accordingly, a different evaluation protocol [39]:

1. Sample-level unlearning. The forget set Dy consists of entire training ex-
amples; this is the classical setting for which SISA [18] and influence-function
approaches [12] were developed.

2. Class-level unlearning. An entire semantic category is removed from the
model’s effective vocabulary, so that the model no longer recognises, say, all
instances of the class person [34], [44]. In dense prediction this manifests as
the suppression of supervision for a class across the entire dataset [25].

3. Instance-level (region-level) unlearning. A single annotated object within
an image, identified by a binary mask m € {0,1}7*W is to be erased while
the remainder of the image, including other instances of the same class, must
be retained verbatim [43]. The forget and retain partitions in this case share
images and differ only in the spatial support of supervision.

Instance-level unlearning is at once the finest and the least studied of these granular-
ities, as illustrated in Figure 2.1. The reasons are structural rather than incidental.
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Class-level methods can afford to be coarse because the boundary between forget
and retain coincides with a semantic category that the model already represents
compactly, and sample-level methods exploit the fact that a training example is a
discrete, identifiable input. Instance-level requests in panoptic segmentation share
neither property: the target lives inside a shared image alongside retain-set annota-
tions, it shares its class with retain-set objects, and the parameters that produced
it are the same parameters that produce its neighbours. The chapter is organised
so as to make the cost of this coincidence explicit.

Unlearning
request
granularity
Y
Instance-level
Sample-level (Class-level
[ P A] [ anseve (this thesis)
A Y Y
SISA DELETE, MiB
Influence Class-centric L PAUSE
functions forgetting

>
coarse — fine (forget/retain boundary harder to localise)

Figure 2.1: The granularity axis of unlearning requests, from coarse to fine. Sample-
level deletion removes entire training examples; class-level deletion removes a whole
semantic category from the model’s vocabulary; instance-level deletion, the setting
of this thesis, removes a single annotated object while every other object, including
other objects of the same class in the same image, must be retained. Representative
methods are placed at the granularity they natively operate on (SISA and influence
functions at sample level; DELETE, MiB, and class-centric forgetting at class level;
PAUSE at instance level). The forget/retain boundary grows progressively harder
to localise as granularity refines, because at the instance level the forget and retain
targets share images, classes, and parameters.

2.2 Core Challenges in Instance Unlearning for
Panoptic Segmentation

Although interest in machine unlearning has grown rapidly, selectively removing
information from an already-trained panoptic segmentation model remains techni-
cally demanding. Unlike coarse, image-level deletions, instance-level requests must
remove a single object embedded in a valid image while leaving every other pixel-
level prediction intact. This section identifies three structural difficulties that any
practical instance-unlearning method must contend with, and that directly motivate
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the region-aware, retention-anchored design adopted by PAUSE.

2.2.1 Where Panoptic Models Store Instance Information

The first difficulty is representational. In a query-based panoptic architecture such
as Mask2Former [29], the shared backbone and pixel decoder produce a multi-scale
feature pyramid that is consumed by every prediction in the image, and a trans-
former decoder then iteratively refines a fixed set of object queries. The mechanism
by which a query specialises to a region is masked attention: at decoder layer ¢,
the cross-attention of query g; is restricted to the pixels its own intermediate mask
prediction ml(é*l) already activates, so that

Attny)(s) = 0 wherever a(mz@_l)(s)) <3, (2.6)

confining each query’s update to its current footprint [29]. This is what makes the
architecture efficient and accurate, but it is also why instance editing is non-local:
a query’s footprint is defined by the same shared pixel features that define every
other query’s footprint, so suppressing one footprint perturbs the feature substrate
that the others read from. The mask logit for a single object makes this concrete,
emerging as a dot product between a per-query embedding and the high-resolution
pixel features,

mi(s) = (", F(s)), ie{l,...,N}, (2.7)
where qZ(L) denotes the query embedding at the final decoder layer and F(s) € R?
the pixel feature at location s. Two observations follow directly from (2.7). First,
the pixel features F' are shared across the entire image: the same parameters that
delineate a particular instance also delineate every adjacent object and every same-
class object elsewhere. Second, the query embeddings qZ(L) are themselves the output
of a stack of attention and feed-forward layers whose parameters are tied across all
queries, so that an intervention on the parameters that produced query ¢* at inference
time is, with high probability, also an intervention on the parameters that produce
every other query.
The set-prediction training objective compounds this entanglement. Because queries
are assigned to ground-truth segments through a bipartite matching rather than a
fixed correspondence [24], [29], no query is the permanent owner of any instance;
the query that claims a target at one optimisation step may relinquish it at the
next. Target-level unlearning research in the dense-prediction setting has accord-
ingly framed the problem explicitly as one of localisation: identifying which compo-
nents of the model are responsible for a given target is harder than removing them
once identified [43]. For panoptic instance unlearning the conclusion is sharper still:
there is no single weight to delete, no contiguous subnetwork to prune, and no
per-instance representation to suppress. Any operation that hopes to erase a single
instance must instead reshape the joint behaviour of a representation that was never
trained to keep instances separable in parameter space.

2.2.2 Forgetting—Retention Trade-off and Boundary Leak-
age

The representational entanglement just described produces the central optimisation
tension of the problem, the forgetting—retention trade-off. Formally, the unlearning
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objective can be written as a weighted combination of a forgetting and a retention
term,

£un1(9) = >\f Lforget('g; Qf) + >\7' *Cretain<e; Qr)u (28)

where (1 is the spatial support of the target instance and €, = Q\ € its complement
within the image [44]. The difficulty is that the parameters supporting Leger and
Lietain Overlap substantially, so that the gradients of the two terms, g; = V Lorget
and g, = VL etain, are typically far from orthogonal. The cosine alignment

ao) = —9:10). 9:(9))
g7 Oz 119 (0)]l2

is in practice non-trivially negative on the parameters that the two objectives con-
test, which is precisely the conflicting-gradient regime that motivates the gradient-
surgery and null-space update schemes developed for multi-task and continual learn-
ing [17], [26], [31], [33]. The choice of how to resolve this conflict, treated symmet-
rically as in PCGrad or asymmetrically in favour of forgetting, is a central design
decision that Section 2.3.1 develops and that PAUSE answers in a manner specific
to the asymmetry of the unlearning objective.

A particularly visible manifestation of this trade-off in dense prediction is bound-
ary leakage. The pixels immediately adjacent to a forgotten instance must continue
to receive a coherent label, typically the surrounding stuff class or a contiguous
neighbouring instance, and a poorly constrained unlearning step may instead carve
a hole, hallucinate spurious instances around the deletion site, or shift the bound-
aries of overlapping objects [6], [44]. The continual-learning literature, which has
long grappled with the stability—plasticity dilemma, provides several of the mecha-
nisms now imported into the unlearning setting precisely to mitigate this leakage:
knowledge distillation from a frozen teacher [3], [7], elastic weight consolidation [6],
and the gradient-projection schemes already mentioned. The design space these
mechanisms open up, in particular the combination of a region-restricted distilla-

tion anchor with a forget-priority projection of the gradient, is exactly the space
that PAUSE inhabits.

(2.9)

2.2.3 Privacy Vulnerabilities and Relearning Risks

Even when the forgetting-retention trade-off appears to be managed at the level
of standard accuracy metrics, the privacy guarantees of an approximate unlearning
procedure can be substantially weaker than they first appear. Membership inference
attacks, which attempt to determine from a model’s outputs whether a particular
example was part of its training set, remain the canonical diagnostic for residual in-
formation about forgotten data [8], [35]. In the dense-prediction setting, the natural
per-instance analogue is to compare the distribution of confidences, losses, or gra-
dient norms on previously forgotten instances against those on instances the model
has genuinely never seen; an unlearning procedure that leaves the two distributions
statistically distinguishable has not actually unlearned.

For the sequential setting that motivates this thesis, in which deletion requests arrive
one after another over the lifetime of a deployed model, a second and underappre-
ciated risk emerges: the resurgence of previously forgotten instances. Consider a
sequence of forget requests {D fl), DJ(CQ), cee D;T)} producing intermediate parameter

states 90 — 9 — ... — 9(T) Resurgence at step t is the phenomenon in which
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an earlier forget target 7 € DY ), j < t, becomes once again predictable under 6,
measured as a rebound in its instance IoU,

Resurge(r,t) = IoU(m", m%) — IoU (m‘g’), mk), (2.10)
where m7 is the original target mask and Mm% the model’s prediction at the corre-
sponding step. Sequential unlearning has only recently been recognised as a setting
distinct from one-shot unlearning, and the continual-learning literature that stud-
ies the analogous problem of catastrophic forgetting under streamed updates [6],
[7], [36] offers few mechanisms that guarantee monotone non-increasing resurgence
across requests. Bounded replay of previously forgotten material, deployed as an
anchor against drift, is one of the few instruments to have begun to appear in this
space, and underlies the memory component of PAUSE. A complementary failure
mode peculiar to instance-level forgetting, in which a broad class-preservation ob-
jective inadvertently reintroduces an already-suppressed target, is examined in the
discussion of results rather than here, as it is specific to the proposed method.

2.3 Algorithms and Methodologies for Instance
Unlearning in Panoptic Segmentation

We now review the algorithmic families that have been proposed for related forget-
ting problems and assess their suitability for panoptic instance unlearning. Through-
out this section a common notation is used.

Notation (panoptic mask classification). We let the training set be denoted
D = {(x;,Y;)}X,, in which each annotation Y; is a collection of instance masks
and class labels {(m; g, ¢;ix) k. A query-based panoptic model fp produces N query
outputs (p;, m;)Y,, where p; € Al and m; € R"*W . An instance-level unlearning
request specifies a target binary mask M € {0, 1}*W within a particular image
x, identifying the pixels of the instance to be forgotten. The complementary retain
mask is M = 1 — M. For any per-pixel loss £(-,-), the masked empirical forget and
retain risks are

£s(0) = ﬁZM(S)E(fa(fC)(S),y(S)),
. o (2.11)
£.(0) = 3o ST M) €(fow)(o). ()

The post-unlearning parameters ¢ are sought so that the model’s behaviour on M
is erased while its behaviour on M, and on all other images in D, is retained.

2.3.1 Gradient-Driven Target Erasure and Gradient Con-
flict

A first family of approximate methods casts unlearning as a bi-objective optimisation
over (L, L,), solved through gradient updates that amplify the forgetting signal
while counteracting collateral drift on the retain set. The Lagrangian relaxation of

15



the constrained problem
meinﬁr(e) st. Lp(@) > 7 (2.12)

admits the unconstrained surrogate J(0) = L,(6) — A;L;(0), whose gradient step
is given by (2.5). The negative sign on Ly is what gives this family its colloquial
name, NegGrad, whose pure form simply ascends the forget loss,

£NegGrad(9) = _)\f »Cf(e), (213)

with no retention term, projection, or memory. Its retention-augmented variant
NegGrad+ adds a teacher-distilled retain term and is a standard unlearning baseline
[42],

ﬁNegGrad—i— (9) = >‘7‘ ?L(fGT (‘T) || fG(:E)) }]‘Z/ - /\f ﬁf(e)v (214)

~
distil teacher on retain

where 07 are the frozen teacher parameters. A distillation-based refinement, SCRUB,
alternates a maximisation step that pushes the student away from the teacher on
the forget set with a minimisation step that distils the teacher on the retain set [42],

e KUfo, (o) || fo@) o min K foy () | o)) |+ Luask®)] gr (2.15)

Vv Vv
MAX step (forget) MIN step (retain)

the two steps interleaved every m iterations; SCRUB is among the most consis-
tent approximate unlearners across forget-quality and utility metrics. The teacher—
student view is shared by methods that distil from a deliberately incompetent (ran-
domly initialised) teacher on the forget set to induce forgetting while a competent
teacher anchors retention [37]. PAUSE adopts the same teacher—student instanti-
ation, with the student initialised from the teacher and the teacher providing the
held-out distillation signal that anchors the retain objective; the baselines of (2.13)—
(2.15) are the comparators against which it is evaluated in Chapter 5.

The harder problem these methods expose is what to do when gy and g, point in
opposing directions, the negative-alignment regime of (2.9). The multi-task and
continual-learning literatures offer three responses. PCGrad resolves a conflict sym-
metrically by projecting each task’s gradient onto the normal plane of the other
when their cosine similarity is negative [26]; for two terms this replaces g by

%:%J%%%ﬁ@%KQ (2.16)
T2

and symmetrically for g,, so that neither objective is privileged. CAGrad instead
seeks an update that minimises the average loss while guaranteeing a worst-case
per-task decrease within a trust region around the average gradient [31]. Null-space
methods take a stricter line: Adam-NSCL projects each candidate update into the
approximate null space of the feature covariance of previous tasks, so that the update
provably does not disturb what has already been learned [36], a strategy anticipated
by gradient projection memory [33] and orthogonal weights modification [17].

For unlearning, the symmetry of PCGrad is a poor fit: the two objectives are not
co-equal tasks but an erasure that must succeed and a retention that should be
preserved only where it does not obstruct erasure. This observation motivates an
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asymmetric resolution in which the forgetting gradient is delivered in full and the
retain gradient is projected onto the orthogonal complement of g;, contributing only
its component that does not oppose forgetting:

g; = g, — <gr7gf2>
lgyll2

gr f{gr9r) <0, g5 =g;. (2.17)

This forget-priority projection is the gradient-surgery component of PAUSE, and
Chapter 4 derives it in full; null-space projection of the forgetting gradient was also
considered but, as reported in the results, was found unsuitable for a panoptic de-
coder whose modules are close to full rank, leaving the asymmetric scheme of (4.43)
as the operative choice. Selective-update strategies that restrict the gradient to a
single most-responsible layer, in the spirit of SLUG [43], address the cost concern
but do not by themselves resolve the matching instability of (2.2) or the boundary
leakage of Section 2.2.

9 A 9y
gr N ) af » gy (full)
gr \/ 9r . K 9r .
(a) Conflict (b) PCGrad (symmetric) (c) PAUSE (asymmetric)
(97,9r) <O both gradients altered gy in full; g/ L gf

Figure 2.2: Resolving the forget/retain gradient conflict. (a) Conflicting gradi-
ents: the forget gradient gy and retain gradient g, have negative cosine similarity,
(gf,9-) <0. (b) Symmetric PCGrad (2.16) projects each gradient onto the normal
plane of the other, treating the two objectives as co-equal tasks; both are altered.
(c) The asymmetric forget-priority projection (4.43) used by PAUSE delivers g; in
full and projects only g, onto the orthogonal complement of g (right angle marked),
so that retention contributes solely the component that does not oppose forgetting.
The asymmetry matches the structure of unlearning, where erasure must succeed
and retention is preserved only where it does not obstruct erasure.

2.3.2 Dynamic Loss Weighting

Resolving the direction of the update leaves open the question of its relative mag-
nitude: how large A should be relative to A, in (2.8), and how this balance should
evolve as forgetting proceeds. A fixed weighting is brittle, because the gradient
magnitudes of the forget and retain terms vary by orders of magnitude over the
course of an unlearning run and across targets. The multi-task literature has de-
veloped principled answers. Uncertainty weighting derives per-task weights from a
homoscedastic noise model, scaling each loss by the inverse of a learned variance
[11]. GradNorm instead operates directly on gradient magnitudes, adapting each
weight wy so that the per-term gradient norm is driven towards a common target
[9]. Writing g (0) = ||Ve weLy(6)]|, for the weighted gradient norm of term k and
g= % > & gk for their mean, the target balances each term against the mean scaled
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by its relative training rate r,

0(0) — 30) [O)]°,  r(0) = ?g—% (2.18)

where L}, is the loss of term k relative to its initial value and o controls how strongly
imbalance is penalised. PAUSE builds on this principle, equalising the per-term gra-
dient magnitudes to a reference and then renormalising so that the forget term holds
a fixed fraction of the total gradient magnitude, augmented with a damage-sensitive
controller that throttles the forgetting weight when collateral on the target’s class or
boundary exceeds a tolerance and a retain floor that prevents the retention objective
from being overwhelmed. The detailed schedule is deferred to Chapter 4; what mat-
ters for the present survey is that magnitude balancing, as much as direction, is an
established and necessary instrument for managing competing objectives, and that
it has not previously been specialised to the forget/retain asymmetry of unlearning.

2.3.3 Representation Pruning and Weight Saliency

A second family bypasses the loss landscape and intervenes directly on the model’s
internal representation. The shared intuition is that the information about a par-
ticular concept, class, or sample is carried by an identifiable subset of channels,
attention heads, or parameter groups, and that surgically suppressing this subset
will remove the concept while leaving the rest of the network intact [41]. For a
parameter group 6;, one defines mask-restricted forget and retain saliencies

af(fe(l')(S),y(S)) . _ ag()
86’j ‘] ’ Sj = E ;M(S) ‘ 8—03‘] )
(2.19)

and selects the prunable or update-eligible set

SI = Bayan~n [ZM (s)

P={j:8 >8NS <85} (2.20)

Weight-saliency unlearning makes this concrete: SalUn identifies the parameters
most salient to the forget objective by thresholding the magnitude of the forget
gradient, and confines the unlearning update to that mask, narrowing the gap to
exact retraining in classification and generation [40]. Sparsity-driven approaches
show, more broadly, that pruning the model before or during unlearning makes ap-
proximate forgetting both cheaper and more thorough [41], and single-layer methods
restrict the update to one critical layer chosen by importance and gradient-alignment
diagnostics [43].

For class-level forgetting in classification networks, where a class can plausibly be
identified with a small set of output-adjacent channels, these methods are compet-
itive. For instance-level forgetting in panoptic segmentation the obstacle is (2.20)
itself: a single instance does not, in general, correspond to a stable parameter subset.
Two instances of the same class share the channels that encode that class, and even
within a single image the object queries that delineate adjacent objects share their
refinement pathway through the decoder. A pruning mask aggressive enough to
drive S]f below the unlearning threshold will almost certainly drag S7 down with it,
and the literature contains no demonstration of tight localisation at this granularity.
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2.3.4 Decomposition and Exact-Style Methods via SISA

The SISA framework partitions the training data into S disjoint shards {D®)}5_,
and, within each shard, into K sequential slices { D**)}X_[18]. Training proceeds
slice by slice,

glsk) — Train(e(s,kfl)j D(s,k))J k=1,....K, (2.21)

and predictions are aggregated across shards. For panoptic outputs an aggregator
at the segment-set level would replace the simple probability average; a candidate
is to union the per-shard segment predictions and re-resolve the panoptic format by
majority vote on overlapping supports. When a deletion request arrives, only the
shards containing the affected samples need be retrained, and only from the earliest
slice impacted by the deletion:

0(*0) retained, gk — Train(Q(S’k_l), DR \ D;f’k)), k=ky+1,..., K.

(2.22)
Importing this scheme into panoptic instance unlearning is technically possible but
practically unattractive. The aggregation step in (2.21) assumes that each con-
stituent model produces an independently interpretable prediction, an assumption
that holds for classification logits but breaks for panoptic outputs, which are sets
of segments with overlapping spatial supports that must be reconciled. The train-
ing cost of each shard remains that of a full panoptic model, so the cost saving is
modest unless S is large, in which case per-shard data becomes too small to train a
competitive model. Finally, instance-level requests cut across shards by their very
nature: an image annotated with many instances may be drawn upon by deletion re-
quests targeting any of them, so the granularity of partitioning fails to align with the
granularity of deletion. Refining the partition to the patch or region level recovers
some alignment but multiplies the bookkeeping cost and introduces spatial-context
discontinuities at shard boundaries, a difficulty also observed in graph-structured
extensions of the sharding idea [28].

2.3.5 Class-Centric Unlearning and Adaptive Deletion

A substantial portion of the segmentation-unlearning literature targets the removal
of an entire class rather than a single instance. Class-centric methods typically com-
bine a class-conditioned forget loss with a distillation term that anchors the model’s
behaviour on the remaining classes [25], [34]. A representative formulation, follow-
ing the DELETE framework [44], decomposes the KL divergence between teacher
and student distributions into a target-facing and a non-target-facing component.
For a target class u and a pair of distributions p, g € All, write
Pi . 4i

p(b) = (pua p\u)7 q(b) = <Qu7 Q\u)a ﬁz = o 4 = . 7& u, (223)

where p\, = ), 4 Di- The KL divergence then decomposes as

KL(p|lq) = KL(p® | ¢") + p.KL(5| q), (2.24)

where the first term depends only on ¢,, the probability the student places on the
forget class, and so drives forgetting, while the second supervises relative probabili-
ties among non-target classes and so enforces retention [44]. In dense prediction this
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decomposition is applied pixelwise, optionally masked by M (s) to focus forgetting
pressure on the target region.

For instance-level unlearning the decomposition (2.24) does not transfer directly.
Treating every pixel of the target class as part of the forget partition over-erases
the model’s behaviour on other instances of the same class, which is precisely what
instance-level unlearning is required to preserve. Attempts to make class-centric
losses more selective by spatially restricting the forget term to M (s) = 1 reintroduce
the boundary-leakage problem of Section 2.2. Adaptive deletion approaches, which
schedule the strength of the forgetting signal as a function of how much of the
target has already been removed [34], mitigate over-erasure on average but provide
no mechanism for accumulating deletions across a long sequence of requests. The
scaling axis from class to instance and from one-shot to sequential is therefore visible
in the literature but, at the time of writing, largely untravelled.

Table 2.1 consolidates the analysis of this section by scoring each algorithmic fam-
ily against the requirements that sequential instance-level panoptic unlearning im-
poses. The judgements are capability assessments derived from the discussion in
Sections 2.3.1-2.3.5, not head-to-head empirical results; the experimental compar-
ison against the realised baselines is reported in Chapter 5. Read as a column,
the table shows that no prior family satisfies all five requirements simultaneously,
and that the instance granularity and panoptic-readiness columns are where existing
methods are weakest.

Table 2.1: Suitability of unlearning method families for the requirements of sequen-
tial instance-level panoptic unlearning. Entries denote native capability: v sup-
ported, X not supported, ~ partial or requires non-trivial adaptation. Granular-
ity is the finest deletion unit the family natively addresses; Sequential indicates
a mechanism against cross-request resurgence; Utility is the strength of retain-set
preservation; No retrain indicates the method avoids full retraining; Panoptic in-
dicates readiness for dense, query-based set-prediction outputs. Judgements follow
the analysis of Sections 2.3.1-2.3.5.

Method family Granularity Sequential Utility No retrain Panoptic
Retraining (gold standard) any — exact X ~
SISA / sharding [18] sample ~ exact X X
NegGrad / NegGrad+ [42] sample/class X weak v ~
Distillation (SCRUB, Bad-T) [37], [42] sample/class X moderate v ~
Saliency / pruning (SalUn, SLUG) [40], [43] class/concept X moderate v X
Class-centric (DELETE, MiB) [25], [44] class X strong v ~
PAUSE (this work) instance v strong v v

2.4 Evaluation of Instance Unlearning in Panop-
tic Segmentation

Evaluating instance-level unlearning in panoptic models is, by its nature, multidi-
mensional: the same parameter update must be assessed for the thoroughness with
which it has erased the target instance, for its impact on every other prediction the
model is asked to make, for its resistance to adversarial probes, and for its stability
across a sequence of subsequent requests. This section formalises a protocol that
combines these dimensions into a single reporting convention, drawn from the con-
ventions of the panoptic, continual-learning, and unlearning-verification literatures,
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and that the experimental chapters of this thesis adopt.

2.4.1 Forget / Retain-Set Construction

Let a panoptic dataset be D = {(z;,Y;)}Y,, where Y; = {(m, ¢;1) }» enumerates
the ground-truth instance masks and class labels in image z;. An instance-level
unlearning request is specified by a pair (i*, k*), designating instance £* in image
", and induces a binary forget mask M;« = m;« j» with complementary retain mask
M = 1 — M;.. Crucially, the forget and retain partitions share images and differ
only in the spatial support of supervision:

Df = {(l’i*, Y;;*, Mp)},
D, = (D\{xl*}) U {(a:i*, Yir \ {(me oy Ci ) 3, Ml*)}

This split is region-aware rather than image-aware, in deliberate contrast to sample-
level formulations [18], [39], and it is what enables the request to be honoured with-
out discarding the supervisory signal carried by the surrounding annotations. In
sequential settings, the protocol additionally records the order in which requests ar-
rive, (i}, k7)1 |, and retains, for each ¢, a held-out forget-evaluation probe consisting
of the previously forgotten targets.

(2.25)

2.4.2 Forgetting-Quality Metrics

Three quantities, jointly, capture how thoroughly an instance has been forgotten.
The first is the residual mask agreement between the post-unlearning prediction and
the original target mask. Let mJ denote the model’s predicted mask at i* for the
query that, prior to unlearning, claimed the target, and define
Ml N M|

’L*

(2.26)
A successful unlearning step drives IoU; — 0. The second is the residual class-
confidence mass within the target region, measuring whether the model still assigns
appreciable probability to the original class on pixels formerly belonging to the
forgotten instance:

/ ]' *
Conf;(c*; 0") = ] ZMi*(s)pgl(c | T, S). (2.27)

The third is the confidence of any instance the model proposes within the same
spatial neighbourhood, which captures the case in which the original instance has
been suppressed but a near-identical replacement is being produced from another
query.

A measurement subtlety, central to this thesis, distinguishes a per-query verdict
from a whole-output verdict. Equations (2.26)—(2.27) interrogate the single query
that originally claimed the target; but whether the instance actually disappears
from the model’s rendered panoptic output depends on the full assignment of (2.2),
under which a different query may step in to re-explain the region. The two verdicts
can disagree, and the honest headline measure of forgetting is therefore the one
computed after the same panoptic post-processing that the deployed model uses,
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namely whether any segment of the target’s class survives over the target region.
The thesis reports this panoptic-output removal rate as the primary forgetting metric
and the per-query measures of (2.26)—(2.27) as secondary, explaining any divergence
between them rather than reporting whichever is more favourable.

For sequential settings, these per-request measurements are supplemented by a lon-
gitudinal resurgence statistic. Following (4.35), for each previously forgotten target
7 we recompute IoUy (9 ) at every subsequent step t > 7 and report the maximum
rebound,

Ruax(T7) = max (Ion(G(t); T) — Ion(H(j); 7')), (2.28)
>J

together with the fraction of past targets for which Ry.« exceeds a configurable

tolerance. Consensus on a single aggregate forgetting score comparable to PQ for

utility has not yet emerged in the literature [35], [42], and the protocol adopted here

reports the components jointly.

2.4.3 Utility-Preservation Metrics

Utility preservation is reported in terms of the panoptic metrics introduced in Sec-
tion 2.1.1, restricted to the retain partition. Writing TP, FP., FN. for the matched,
unmatched predicted, and unmatched-ground-truth segments of class ¢ when match-
ing is performed on M, the retain-region panoptic quality is

PQL(6") = SQL(Y') - RQL(E), (2.29)

with SQ" and RQ" defined exactly as in (2.3) but evaluated on M. Aggregate re-
porting is class-stratified, since an unlearning step that surgically damages one or
two classes can leave overall PQQ almost unchanged while substantially harming the
prediction quality for the class to which the target instance belonged [25]. Report-
ing only a global PQ that has been diluted across many untouched classes would
therefore overstate utility preservation, and the per-class breakdown is treated as
mandatory rather than supplementary. A retain-region output-drift score quantifies
subtle distributional shifts not captured by PQ:

Drift, (0,0') = ZZM YKL po(- | zi,8) | por (- | 21,5)),  (2:30)

ZZM

where a low value indicates a localised update.
A single scalar that summarises the utility—forgetting balance, useful when com-
paring configurations within the same model family, is the unlearning-to-retention

ratio

PQ"(0)/PQ(0)
FQ(6")/FQ(0)
larger values of which indicate that a given forgetting improvement is achieved with
proportionally smaller utility degradation [39].

U2R(0,0) =

FQ() =1 —IoU (8, (2.31)

2.4.4 Privacy Verification and Benchmarking Gaps

Beyond geometric and probabilistic measures of forgetting, the unlearning litera-
ture increasingly relies on adversarial probes to verify that no exploitable residue
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remains in the model [8], [35]. The natural panoptic analogue of a membership
inference attack compares, between forgotten instances and instances the model has
genuinely never seen, the distribution of a chosen score: per-instance loss, query-
level confidence, or the norm of the gradient of the loss with respect to the query
embedding. A statistically indistinguishable pair of distributions, measured for ex-
ample by a two-sample test or by the area under the attacker’s ROC curve near
0.5, is a stronger forgetting certificate than (2.26) alone. A complementary metric,
drawn from the continual-learning literature, is the relearning time

trelearn(7) = min {t >0 : Ion(G(t); T) > 5}, (2.32)

the number of standard fine-tuning steps required to push the predicted mask back to
a target IoU ¢ after unlearning. Large t,cear indicates that the erased instance does
not re-emerge under benign continued training, which is desirable when subsequent
updates are expected.

The picture that emerges from the evaluation literature, taken as a whole, is one
of methodological fragmentation. There is no standard benchmark for instance-
level unlearning in panoptic segmentation: no agreed dataset split, no canonical
forget-request schedule, no shared implementation of the privacy probes, and no
consensus reporting format. Authors working on adjacent problems, class-level for-
getting in classification [34], class-centric segmentation unlearning [44], continual
segmentation [25], each reuse their own evaluation infrastructure, with the result
that cross-paper comparisons are essentially impossible. The protocol assembled
above, defined by (2.25)—(2.32), is the protocol against which the framework pro-
posed in this thesis is evaluated.

2.5 Key Findings and Research Gaps

The bodies of work surveyed in this chapter provide a substantial toolkit, but one
that has been assembled around problems adjacent to, rather than coincident with,
sequential instance-level unlearning in panoptic segmentation. The unlearning liter-
ature contributes a principled definition of the problem, a clear taxonomy of exact
and approximate methods, and a growing collection of gradient-based, distillation-
based, and saliency-based recipes [12], [18], [39], [40], [42], [44]. The dense-prediction
literature contributes strong query-based panoptic architectures and a mature eval-
uation metric in the PQ decomposition of (2.3) [16], [29]. The multi-task and
continual-learning literatures contribute distillation, gradient projection, and mag-
nitude balancing as mechanisms for controlling interference between competing ob-
jectives or successive parameter updates [6], [7], [9], [11], [26], [31], [36]. Each strand
is necessary, but none, on its own, is sufficient for the problem the present thesis
takes on.

Four concrete gaps remain. First, almost the entire unlearning literature targets
classification or, at most, semantic segmentation; panoptic segmentation, with its
mixed stuff-things vocabulary and its query-based representational substrate of Sec-
tion 2.2.1, is essentially absent. Second, the granularity at which existing methods
operate is class-level or sample-level, not instance-level; mechanisms for erasing a
single annotated object from a model that contains many other objects of the same
class in the same image are not part of the standard repertoire, and the bi-objective
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tension of (2.8) acquires its sharpest form at this granularity. Third, sequential
unlearning, in which a long stream of deletion requests must be honoured without
resurgence (4.35) and without cumulative degradation of utility, is recognised as a
setting but has very few methodological commitments attached to it; bounded replay
of previously forgotten material and re-identification of drifting forget queries are not
standard practice. Fourth, the field lacks a shared evaluation protocol for panoptic
instance forgetting that encompasses, under a single benchmark, the forgetting-
quality measures of (2.26)—(2.28), the utility measures of (2.29)—(2.30), and the
privacy and relearning measures of Section 2.4.4, and in particular one that reports
the honest panoptic-output removal rate rather than a more favourable per-query
proxy.

PAUSE is positioned to address these gaps directly. It treats panoptic segmentation
as the target domain rather than as an afterthought, operates at the granularity
of the individual annotated instance, resolves the forget/retain gradient conflict
asymmetrically in favour of forgetting (4.43) while balancing the competing terms
by gradient magnitude, localises the erasure to the instance region to limit class-level
collateral, and accommodates sequential requests through a bounded replay memory
and a student re-matching procedure designed to suppress resurgence and drift. The
detailed mechanics of the framework, including its teacher—student instantiation, its
retain-anchored distillation terms, its forget-priority projection, and the negative
result on null-space projection that justifies that choice, are deferred to the chapters
that follow; the role of the present chapter has been to establish that the gap they
address is real and that the surrounding literature, while rich, does not close it.
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Chapter 3

Requirements, Impacts and
Constraints

In this chapter we refrain from the technical aspects of the development of the
framework and examine the conditions and impacts of its implementation. We first
examined the technical, resource and methodological requirements that the design
of PAUSE needed to meet, before considering the impact of the design on a range
of societal, environmental and ethical issues, then look at some of the standards it
was subject to, followed by an examination of the main risks of the project and then
an economic analysis of the costs of compliance for the framework. The framing of
this paper is conservative. As PAUSE tackles a hard and under-studied problem,
sequential instance-level unlearning in panoptic segmentation and the usefulness of
this process is best seen as a good trade-off, rather than something that has been
solved.

3.1 Final Specifications and Requirements

We divided requirements that determined PAUSE in three categories: technical
and resource requirements of the operating regime; software requirements from the
system which was implemented; methodological requirements to get an unlearning
result that is considered defendable as opposed to a superficially benefiting result.

Technical and resource requirements: PAUSE operates on top of HuggingFace
Mask2Former which is based on the Swin-B backbone pretrained on Cityscapes
panoptic [5], [29] and the student is initialized from the teacher’s weights. A key
requirement imposed for development considerations by both the limited 24GB of
VRAM in a consumer-grade GPU and by a preference for an ability to localize
the parameter update, is to keep the Swin backbone network and the pixel decoder
frozen; and solely train an additional trainable transformer decoder layers and head,
a class predictor, a mask-embedding projection, and the object queries. By this we
ensures the number of trainable parameters and per-request compute small enough
to warrant running a complete deletion cycle on one workstation and also limits the
update to the portion of the network under control of query-mediated assignment,
a part where instance-level changes need to be effected. Requests for deletion are
addressed over two stages, a ”forgetting” stage and a "repair” stage, with a fixed
step budget for each instance of the deletion process so that the cost of satisfying
a deletion request is fixed before the work starts, and is not left to open-ended
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optimizing.

Software and reproducibility requirements: We used PyTorch for the imple-
mentation of PAUSE, on the basis of hugging-face’s transformers implementation of
Mask2Former. Due to the specificity of Cityscapes one additional correctness condi-
tion applies: The uniqueness of the discrepancy between the label-ids of the panoptic
annotation and train-ids of the model, in the specific classes to be unlearned must
be handled with care. To compare with previous methods meaningfully, all of the
frameworks and baselines must use the same experimental runner, share a common
stage freezing mechanism, early stopping rule, step budget, forget-query matching
and metrics, ensuring that only the per-step loss is different between methods [42].
Methodological requirements: There are three ‘non-negotiable’ commitments.
First, utility preservation is required, since an instance-level edit results in a crit-
ical destruction of one or two thing classes can have a little or no impact on the
global PQ, but have a significant impact on the class that included the target [16],
[25]; so there’s a strict need for the breakdown by per-class. Second, the forget-
ting should be calculated by the honest panoptic-output removal rate of, after the
same panoptic post-processing that the deployed model uses, rather than the more
favorable per-query proxy, which could disagree with the output rate of the actual
panoptic renders. Third, as PAUSE is an approximate unlearning approach [39], an
adversarial assessment of the residual influence must be confirmed, and naturally
this should be an evaluation of the difference between the two that is performed by
a membership-inference style probe, which compares the forgotten and never-seen
cases. Our three requirement ensures that a claimed success is considered a removal
from the rendered output and not a relabelling or a diluted aggregate.

3.2 Societal Impact

Our motivation for unlearning at the instance level comes significantly from a soci-
etal aspect. For data-protection laws, like the European General Data Protection
Regulation (GDPR), the right to erasure is broadly interpreted as the right to re-
move the influence of this data rather than merely delete the data from storage of
the model, after it has been used to train the model [14]. If a model is trained on
the same type of settings as ours ones presented here (urban street scenes), where
there are so many people and cars to be distinguished [5], it is a particularly relevant
situation for the study of this right. Exactly those single pedestrian or single vehicle
deletion runs that PAUSE can support, without the almost prohibitively high cost
of retraining an operation, are a direct positive step towards individual privacy for
deployed vision systems.

The same feature has a dual-edge sword character that needs clearly articulated. In
an adversarial view, a surgical removal of a selected object from a model’s perception
-viewed as a mechanism of privacy, one may also use it to remove evidence of specific
objects, persons and events from a system’s output -may also be called a mechanism
of selective suppression. The very behavior that makes PAUSE useful when it is
applied to a specific occurrence makes it difficult to spot if it is being misused, as
the surrounding scene is left intact and the whole class isn’t deleted. We feel that
it is more of a procedure than a technology: If a deletion request is in response to
a safety relevant perception model, it should be logged, auditable and require an
authorization, as well as the proper reporting of what the method is removing and
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not removing (Section 3.4) should be a step towards protecting from over-ambitious
reporting of what has been achieved. In addition there are safety aspects that are
unique to dense perception. A per-class utility preservation as needed in Section 3.1
is as much a safety constraint as a quality control one. Because in an autonomous-
driving or surveillance context, detecting an object of a class is a safety critical
requirement, while an unlearning procedure that impacts the class as a whole, but
not simply the specifically requested instance, could introduce a hazard.

3.3 Environmental Impact

This is our environmental argument for unlearning, and it rests on the comparison
with its conceptually alternative idea. Removing the influence of a datum requires
retraining of the model from scratch based on the data without the datum, which
takes tens to hundreds of GPU hours for one full training run for panoptic model in
the Mask2Former family [29], [39]. If that pipeline is rerun each time a request wants
to delete something, the energy cost will be even larger, and can be economically
and environmentally unsustainable [22], [23].

In these respects, PAUSE is a deliberately lightweight solution, in keeping with the
aims of efficient, or “Green”, AI [22]. The framework train deletion in less than
an hour using just a single consumer GPU, as opposed to re-running a multi-GPU
training job; freezing the Swin backbone and the pixel decoder and only updat-
ing the transformer decoder head; combining each request into a short forgetting
stage and a lengthy repair stage under a fixed step budget. We are careful not
to overstate this: it is still a method with iterative gradient updates, and requests
are processed sequentially which means the per-request cost can be incurred over a
series of deletions, thus only relative. Honestly, the marginal price of honouring a
deletion request reduced by PAUSE by a large factor compared to retraining, which
is the regime in which the deletion is likely to arise as a result of compliance.

3.4 Ethical Issues

There are three ethical points that are fundamental in this research. The first, and
the more obvious, is the danger of giving the impression of security when in fact
you're not. PAUSE is an approximation of an entire method, and approximation of
unlearning cannot in general certify that no information or trace of the forgotten in-
stance remains in the parameters [35], [39]. When a user is told an instance has been
“forgotten,” they may wrongly assume he is being assured that it has been deleted
similar to a deletion of data from a database. We are addressing it in two ways: (1)
adversarial measure of residual influence using three types of membership-inference
style of probe, not just output behavior, and (2) honest measure of forgetting in
terms of the panoptic output-removal rate which reveals the forgotten cases. The
second is the familiar paradox addressed in Section 3.2: there is a tension between
the need for privacy and the need for censorship when there is such an ability of
precision. We assume that the research artefact should reflect this risk rather than
consider the potential of benign use. The third is about the data itself. The dataset
consists of cityscapes that carry real city scenes with identifiable subjects and vehi-
cles [5]; the data is used in this work as part of published research under the research
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terms of the dataset, and the targets evaluated in this work are not objects collected
for this work, but rather the object instances of this published dataset. We believe
all these factors collectively support our honest reporting, as well as limited and
traceable use and explicit recognition of the boundaries of approximate erasure as a
suitable attitude towards such work.

3.5 Standards

We have maintained several external standards and conventions frame the work. On
the regulatory side, the right to erasure articulated in Article 17 of the GDPR is the
legal standard that motivates the deletion capability and that informs the require-
ment to remove influence rather than merely storage [14]. On the evaluation side,
our work adheres to the established panoptic-segmentation reporting convention,
the Panoptic Quality metric together with its segmentation and recognition quality
decomposition introduced with the task [16], and reports it in the class-stratified
form that the literature on segmentation editing treats as necessary [25]. On the
data side, We used Cityscapes in its standard official split, with the canonical 500-
image validation set reserved for utility evaluation. So that the measurements are
comparable to other work on the same benchmark [5]. On the software side, our
implementation follows standard reproducibility practice within the PyTorch and
HuggingFace ecosystem: fixed random seeds, a single shared runner for the frame-
work and all baselines, and a faithful reimplementation of the comparator methods
in their published form, with the components specific to PAUSE deliberately not
retrofitted into the baselines so that the comparison remains fair [42].

3.6 Project Management Plan

The project followed a five-phase management plan spanning approximately sixteen
weeks. Because PAUSE is organized as a sequential request-processing pipeline built
on top of a frozen-backbone Mask2Former teacher, later stages depended directly
on the outputs of earlier stages: the forgetting stage could not be designed before
the panoptic evaluation harness was in place, and the repair stage could not be
tuned before the forgetting stage produced measurable removal. This meant that
phases could not overlap arbitrarily, although parallel work was still possible within
each phase wherever dependencies allowed. Table 3.1 presents the overall project
timeline, major activities, and expected deliverables.
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Table 3.1: Project timeline for the development of PAUSE.

Phase | Duration Activities Deliverables

1 Weeks 1-3 Literature review, problem Design document and
formulation, Mask2Former PyTorch environment
baseline setup

2 Weeks 3-6 Cityscapes data pipeline, Evaluation harness and
per-class PQ evaluation frozen-backbone student
harness, teacher—student
initialization

3 Weeks 6-9 Forgetting-stage design, Working forgetting stage

forget-query matching, and | and removal results
instance-region masking

4 Weeks 9-13 | Repair stage, Trained PAUSE pipeline
dynamic-weight controller, and baseline models
forget-priority projection, reimplementations
and baseline integration

5 Weeks 13-16 | Adversarial evaluation, Ablation reports and
ablation studies, and thesis | completed thesis
writing

The phased development approach ensured systematic progress, where each stage
built upon the outputs of the previous phase. This structured workflow minimized
integration risks and allowed parallel development of independent components such
as the evaluation harness and the forget-query matcher. The timeline also enabled
iterative refinement through feedback cycles, ensuring that critical issues such as the
disagreement between per-query and post-processed forgetting measurements, and
the absence of a usable null space in the decoder, were resolved during development.
Figure 3.1 complements Table 3.1 by visualizing how the five phases were distributed
across the sixteen-week schedule. The chart makes the sequential dependencies
between phases easier to interpret, while also showing where limited parallel work
was feasible within the broader plan. Together, Table 3.1 and Figure 3.1 provide
both a tabular and visual view of the project-management structure used for PAUSE.

Project Management Gantt Chart

Phase 5 -

Phase 4 _
Phase 3
Phase 2
Phase 1 _
é 4‘1 é é 1‘0 1‘2 1‘4 16
Weeks

Figure 3.1: Gantt chart of the PAUSE project timeline.
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Concurrency within phases helped keep the project on schedule. During Phase 2,
baseline reproduction of the Mask2Former teacher on Cityscapes ran overnight on
the single 24 GB GPU, freeing daytime hours for evaluation-harness design and
forget-target identification. During Phase 4, the dynamic-weight controller and the
forget-priority projection were developed in parallel, communicating through a scalar
mixing coefficient applied when combining the forget and retain gradients.

Version control and reporting used a single-branch Git workflow with checkpointed
experiment directories. Per-class PQ/SQ/RQ reports, ablations, and adversarial
probe results were stored in numbered folders, keeping each iteration traceable and
reducing confusion during sequential-deletion experiments where every request pro-
duces a new student checkpoint.

Two subsystems required mid-project revision. First, the original null-space pro-
jection was abandoned after evidence that the Mask2Former decoder modules are
close to full rank and admit little usable null space [36]; it was replaced by a forget-
priority projection that applies the forget gradient in full while projecting the retain
gradient onto its orthogonal complement. Second, an early query-level forgetting
metric disagreed with the actual panoptic output because suppressed queries could
be revived during post-processing; it was replaced by an honest output-removal rate
measured after the same post-processing the deployed model uses.

3.7 Risk Management

The most important risks for the success of this project are technical and follow
directly from the difficulty of the problem; each of the risks is found in parallel with
the design decision that contributes to mitigating it.

e Incomplete forgetting: Not all the marked target instances are removed.
The easiest case to comprehend and dissect is a target that has been collat-
eral suppressed in the past; possibly before its deletion step but is located
in some region that the teacher asserts it with confidence and therefore, re-
introduced by the broad class-preservation objective (which cannot tell the
difference between “a car to keep” and “a car that was already forgotten”).
This the key forget/retain stress. It can be mitigated (not eliminated), but
not hidden thanks to the localization of the erasure to the instance region and
the forget-priority projection, which ensures that the forget gradient is added
in full.

e Class-level collateral damage: Censoring or suppressing one occurrence
can damage the whole class in a rich and dense representation. When erasure
is not localized on the instance-region level and without any certain retention
term protecting all countable classes, the panoptic quality of the unlearned
class dropped considerably even at the early design phase; this can be avoided
by applying instance-region-restricted erasure and a thing-class retention term
protecting all countable classes [25].

e Resurgence and drift under sequential requests: A deleted instance can
re-appear in a stream after it has been forgotten, and the query to which an
instance had been deleted can change as the student is changed. We mitigated
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this by having bounded replay memory to forget previously encountered tar-
gets and by also re-suppressing forget queries for the current student without
eradicating the teacher identified query.

e Hardware limitation: However, the development was limited to using a sin-
gle 24 GB GPU so we can’t optimize it to full model across relevant resolution.
We mitigate this and reduce the computation by having a frozen-backbone,
decoder-only design which is both a memory accommodation and also an de-
liberate localization of the update.

e Limited generality: The framework is validated in but for a single set of data
and architecture; and the dynamic-weighting controller sets two parameters
(hyperparameter) which would need to be tuned again on other data and
architecture. This was identified as a limitation in scope and not mitigated
and it is marked for further work. Another related design risk namely that a
null-space projection would have avoided the forget/retain conflict a bit more
gracefully led to an investigation on evidence but came up with a negative
result. We found the panoptic decoder is close to full rank and few of its
modules admit a usable null space, which inspired us to use forget-priority
projection [36].

3.8 Economic Analysis

The economic case for our PAUSE is similar to its environmental argument, and
is based on the cost of the other treatment option. While existing methods for
retraining can differ in their complexity, they require a full training run in the
range of tens to hundreds of GPU-hours per deletion, and such a training run, on
commercial cloud machines, is not trivial. It is also more expensive on every deletion
request than a straightforward evaluation of the model [23], [29], [39]. This “retrain
per request” approach would be economically unfeasible with an operator having to
tackle a stream of erasure requests.

Unlike this, our PAUSE will accept a request but respond with a limited number
of gradient steps on the decoder head only, completing even on one consumer-level
GPU. All the costs are kept at a minimum, the one that dominates is access to
the pre-trained teacher, which the operator already owns; the marginal costs of
every deletion thus are merely minutes of single-gpu compute, versus yet another
full training run. Therefore, compliance is within the reach of operators with limited
training facilities. Instead of being a free operation, a reduction in marginal costs as
compared with retraining is an honest qualification in line with the spirit of Section
3.3. The value of our framework is that it allows a tractable per-query saving to
be expressed as a small and predictable per-quarter value, which is the appropriate
economic property.
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Chapter 4

Proposed Methodology

4.1 Methodological Overview

This chapter develops PAUSE (Post-Hoc Asymmetric Unlearning for Sequential
FErasure ), the framework we propose for sequential, instance-level unlearning in a
panoptic segmentation model. Given a model already trained on a panoptic dataset,
PAUSE removes the influence of individual object instances—for example, one par-
ticular car in one particular image—one request at a time, while leaving the model’s
behaviour on every other instance, every other class, and the global scene parsing
essentially unchanged.

We treat unlearning as a constrained optimisation problem and design every compo-
nent as a response to that problem. The forgetting requirement is the objective; the
requirement to preserve everything else is a constraint; and the shared, query-based
representation of a panoptic decoder is what couples the two so tightly that they
must be arbitrated explicitly rather than traded off with a single fixed weight.

4.1.1 Design Objectives and Constraints

PAUSE is designed against three objectives and four constraints, and every compo-
nent in section 4.3 answers one of them.

Objectives.

O1 Instance-level removal. The targeted instance must disappear from the
model’s rendered panoptic output, not merely have its confidence reduced.

02 Utility preservation. Global panoptic quality, and per-class quality on the
classes involved, must remain close to the original model’s; collateral on neigh-
bouring instances and classes must be small.

03 Sequential stability. An instance removed at step ¢t must stay removed as
later requests are processed, despite the model being edited again.
Constraints.

C1 Shared representation. The decoder has no per-instance parameter to
delete; any edit acts through queries shared by many instances, so forgetting
and retention are intrinsically coupled.
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Table 4.1: Notation used in this chapter.

Symbol Meaning

fo, 0 panoptic model and its parameters

0o original (pretrained) parameters; the teacher T = fy,

0, student parameters after processing ¢ requests; S = fp,

Q, C number of object queries; number of classes (incl. “no object” @)
2q, Pq € AC class logits and class distribution of query ¢

mg € [0, 1]7*W soft mask of query ¢

I1(-) fixed panoptic post-processing / fusion operator

D dataset the model was trained on

(I, pug, ct) request t: image, binary instance mask y; € {0, 1}7*W class ¢
Fi cumulative forget set after ¢ requests

R retain set (everything the model should still predict as 7))

Or forget-query set (queries responsible for the target)

Jr, R forget and retain gradients

C2 No retraining from scratch. The original training set is not assumed avail-
able for full retraining, and the compute budget is a single consumer GPU;
the method must be a lightweight post-hoc edit.

C3 Bounded edit surface. To limit cost and to protect scene-level (stuff) pars-
ing, only the decoder head is editable; the perception backbone and pixel
decoder are frozen.

C4 Honest measurement. Success is judged by what the full panoptic post-
processing actually renders, since a per-query score can fall while the instance
still appears in the output.

4.1.2 Details of the Problem Formulation

Model and notation. Let fy: Z — Y be a panoptic segmentation model with
parameters 6, mapping an image I € Z to a set of ) object predictions. For an
image I, query ¢ € {1,...,Q} emits a class distribution and a soft mask,

po(- | 1;0) = o(2(1;0)) € A, my(- | 1;0) € [0,1]"7, (4.1)

and a fixed, non-learnable fusion operator I1(-) converts the query set into a panoptic
map. The symbols used throughout are collected in Table 4.1.

The request stream. A removal request is an instance specified by an image I,
a binary mask y; € {0,1}**W delineating the instance, and its class ¢;. Requests
arrive as a stream and are applied in place by an update operator U,

Qt:Z/{(Qt_l; ]tyﬂtyct); tzl,...,T, ft:ft_lLJ{(It,Mt,Ct)}, ]:()Ig.
(4.2)
Here 6, is reached only by editing 6,_; for request t; it is never obtained by retraining
from 6. The retain set R = D\ U, {(Ls, jur, )} is everything the model should
continue to predict as the original model does.
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The ideal target (exact unlearning). Let A denote the training algorithm.
The gold reference is the model retrained from scratch on the data with the forget
instances removed,

0 = A(D\ F). (4.3)

Equation (4.3) defines eract unlearning: fy: is, by construction, a model that never
saw the forget instances. It is intractable here—it requires the full dataset and
a retraining run per request—and is ruled out by constraint C2. PAUSE instead
pursues approrimate, empirical unlearning: it seeks parameters whose behaviour
matches the two defining properties of §; without computing it.

Forgetting and retention as measurable conditions. The two properties are
made precise as follows. Forgetting requires that, for every removed instance, no
segment of its class survives in the rendered output:

YV (I, pc)e Fy: # segment s € II( fo, (1)) with class(s) = c and s N p # 2.
(4.4)
This condition is stated on the output of II (objective O1, constraint C4), not on
internal query scores, because the two can disagree. Retention requires behavioural
agreement with the teacher on the retain set, measured by a divergence d(-,-) be-
tween predictions:

»CR(Q) = E[NRd(fg([), fgo(])) S €. (45)

In (4.5), the comparison target is the original model fy,: retention is defined as not
departing from the model we started with on data unrelated to the request. This is
precisely what makes fy, a natural teacher and the retention term a distillation loss
(subsection 4.3.1); € > 0 is the tolerated deviation.

The constrained unlearning problem. Writing £x(0) for a differentiable sur-
rogate of the forgetting condition (4.4) (instantiated in subsection 4.3.2), PAUSE
solves, for each request,

0, = argmein Lx(0) subject to Lz(0) <e. (4.6)

Equation (4.6) is the formal statement of instance-level unlearning in panoptic seg-
mentation that the rest of the chapter implements: forget the instance, subject to
staying close to the original model everywhere else.

Why a retain set is necessary. We now justify, rather than assume, the con-
straint in (4.6). Consider the unconstrained forget-only problem ming £x(6) used
by a pure gradient-ascent baseline. Its set of minimisers,

©r = {0 : condition (4.4) holds}, (4.7)

is a high-dimensional manifold: many parameter settings forget the instance, and
Lr assigns them all the same (minimal) value, expressing no preference among
them for utility. The choice among members of © # is therefore underdetermined by
forgetting alone. Worse, under the shared-representation constraint C1 the forget
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gradient is not utility-neutral. Let u(f) = fy(Ig) be the model’s prediction on a
retain input /z. Because the forget queries also serve retained instances,

(Vou(f), gr()) # 0 in general, gr(0) = VoL £(0), (4.8)

so a descent step —n gz moves the retained prediction u by —n (Vyu, g7) # 0 with no
restoring force—utility degrades freely. The retain term (4.5) supplies that restoring
force: its gradient gr = VgLx penalises exactly such departures from fy,. The con-
straint thus converts the ill-posed problem (4.7) into the well-posed problem (4.6),
selecting from ©r the forgetting solutions that are closest to the original model.
The retain set is therefore not optional but constitutive of the method; its empirical
necessity is confirmed by the collapse of the retain-free baseline in chapter 5.

Penalty form and the link to PAUSE. Relaxing the constraint with a multi-
plier A > 0 gives the equivalent penalty problem

m@in Lr(0)+ XLr(0), (4.9)

whose stationary points satisfy g + Agr = 0. A single fixed )\ is inadequate here
for two reasons that the remainder of the chapter addresses directly: the natural
magnitudes of gr and g differ and drift by orders of magnitude during the schedule,
so no constant A holds the intended balance (dynamic weighting, subsection 4.3.3);
and when the two gradients point in opposing directions, simply summing them lets
retention partially undo forgetting, whereas the constraint in (4.6) says forgetting
must take priority (forget-priority projection, subsection 4.3.3). Finally, because the
constraint must hold over the cumulative set F; in (4.2), forgetting from earlier
requests must be re-imposed during later ones (replay, subsection 4.3.4).

4.2 Target Set Creation

The request stream of Equation 4.2 is not arbitrary: each request must concern an
instance the model genuinely predicts, the set must be unbiased across classes, and
the whole construction must be reproducible. This subsection describes how the
candidate instances are indexed, filtered for validity and difficulty, and sampled into
the target set.

Candidate index. We perform a single teacher pass over the Cityscapes training
split and, for every ground-truth thing instance, record its best-query IoU (4.15),
the matched-query class probability pZ;(c), and the resulting validity score below.
The result is a fixed index of candidate instances, computed once and reused so that
every method and ablation draws from identical data.

Validity and difficulty. A request must concern an instance the model actually
represents; asking it to forget something it never predicted is vacuous. Using the
teacher’s response to the ground-truth mask, we define the predicted-instance
validity

PIV = <maxloU(qu, u)) x pl(c) €[0,1], (4.10)

q
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Figure 4.1: PAUSE methodology diagram for sequential targets unlearning.

where max, IoU(qu, ) is the overlap of the best-matching teacher query with the
instance mask p (4.14), ¢* is that best query (4.15), p7.(c) is the teacher’s probability
that ¢* has the instance’s class ¢, and the product is high only when the teacher both
localises the instance well and classifies it confidently. A candidate is deemed valid
when its best-query IoU exceeds 0.3, its matched class probability exceeds 0.4, and
its mask covers at least 1024 pixels (filtering out instances that are barely predicted,
mislabelled, or too small to matter). Difficulty is graded by the best-query IoU as
easy (> 0.6), medium (> 0.3), or hard (> 0.2): a lower starting overlap means the
instance is more diffusely represented and harder to isolate cleanly.

Random balanced selection. From the valid candidates we keep those whose
PIV falls in a chosen band [PIV),, PIVy;] (e.g. [0.5, 1.0] for the well-predicted headline
set), then sample the target set at random, balanced across the K = 8 thing classes,
under a fixed seed. Concretely, the surviving candidates are grouped by class; for a
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desired total of N targets the per-class quota is
n, = | %] +1[k < (N mod K)], Sk =N, (4.11)

so the N mod K leftover slots are spread one per class. A seeded pseudo-random
generator (seed 42) shuffles each class pool and draws the first ny, instances uniformly
without replacement; if a class is short of its quota the deficit is topped up from the
shuffled remainder, and the chosen set is shuffled once more to randomise request
order. In (4.11), N is the target-set size, K the number of thing classes, n; the
count drawn from class k, and 1[-] the indicator function. Random sampling avoids
hand-picking favourable instances, the per-class balance prevents any class from
dominating the per-class utility measurements of chapter 5, and the fixed seed makes
the entire selection reproducible. Difficulty-specific sets (easy, hard) and the retain
and validation splits below are drawn the same way with distinct seed offsets so that
the splits do not overlap.

Retain pool and validation manifest. Two further splits are built from the
same index. A held-out retain pool of training images is sampled to be disjoint
from every selected target; it is the empirical realisation of the retain set R used
by the retain distillation (4.5). A walidation manifest fixes the 500-image official
Cityscapes validation split over which whole-model panoptic quality is measured.
Neither overlaps the target images.

Headline stream. The headline evaluation uses a curated stream of 10 targets (7
cars, 3 persons) drawn by the above procedure with PIV > 0.5, of mid-range size,
and isolated where possible, so that the instance to be removed is unambiguous.!

4.3 Design of the PAUSE Unlearning Framework

4.3.1 Teacher—Student Model and Instance Identification

The base model is a HuggingFace Mask2Former with a Swin-B backbone [29], [32],
pretrained for panoptic segmentation on Cityscapes [5], which provides 19 evaluation
classes of which 8 are countable thing classes (person, rider, car, truck, bus, train,
motorcycle, bicycle) and the remainder are stuff classes.

Teacher—Student Isolation

PAUSE maintains two copies of the model. The teacher T = fy, is a frozen copy of
the original model; its parameters are never updated and receive no gradient. The
student S = fj is initialised from the teacher, 6 < 6y, and is the only model edited.
By isolation we mean that the teacher is wholly decoupled from the optimisation:
it is not differentiated through, not tracked by a moving average, and not updated
between requests.

!The annotation files index classes by Cityscapes label ids (person=24, car=26); the model
uses contiguous train ids (person=11, car=13). A fixed remapping is applied so that masks, class
indices, and the protected thing-class set are expressed in train-id space.
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Table 4.2: Module training policy. Backbone and pixel decoder are frozen through-
out; the trainable set grows from Stage A to Stage B.

Module group Stage A Stage B
Swin backbone frozen frozen
Pixel decoder frozen frozen
Object queries / class predictor / mask embed. trainable trainable
Transformer decoder layers frozen trainable

This isolation is what makes the retain objective well-defined. Recall from (4.5) that
retention is defined against the teacher’s predictions, and consider its gradient,

gr(0) = Vo Err d(fo(I), foo(1)) = Erar 01d(fo(1), fo,(I)) Vafo(I), (4.12)

where 0;d denotes the derivative of d in its first argument. The second argument
fo,(I) is a constant in 6, so it contributes no term to (4.12); the reference target
does not move. Consequently

,CR(Q) =0 < fg = f90 on R, (413)

i.e. the retain objective is zero exactly when the student reproduces the original
behaviour. Had the reference instead been the student’s own (moving) output or an
exponential moving average of it—a self-distillation target—then the second argu-
ment of d would drift together with the student. The very degradation we seek to
prevent would be written into the target, and L could be driven small while utility
collapsed, because the moving target follows the model down. Freezing the teacher
prevents this contamination of the retained knowledge: it pins an uncontaminated,
unmoving anchor for every distillation term.

The teacher plays a second, distinct reference role: it fixes instance identity. The
target mask pi;, the validity /difficulty assessment, and the responsible-query identifi-
cation at request start are all computed against the frozen teacher (section 4.3.1), so
“which instance is being removed” never drifts as the student is edited, even though
“which student query currently carries it” does. Both roles—a fixed behavioural
anchor and a fixed identity reference—require a frozen teacher, and together they
yield stable forgetting (the retain anchor cannot drift) and targeted forgetting (the
instance region is established once against an unchanging reference).

Frozen and Trainable Modules

The Swin backbone and the pixel decoder produce dense, scene-level features and
are not where a single instance’s identity is decided; we freeze them for the entire run
(constraint C3) and confine all editing to the transformer decoder head. Freezing
the pixel pathway has a direct utility benefit: stuff classes are read out almost
entirely from it and are thereby structurally protected. The editable parameters
grow between the two stages, as summarised in Table 4.2.

Instance Identification by IoU Matching

To act on an instance we must resolve the queries responsible for it. Let u €
{0, 1}#*W Dbe a binary target mask and let 72, = 1[m, > 7,,] be a thresholded query
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mask (7, = 0.5). With the binary intersection-over-union

. |7g N gl
IoU(m Y ) = T/, 4.14
( q ) |mq U /~L| ( )
the best-matching query and the forget-query set are
¢ = argmax loU(7hg, ), (4.15)
q
Or = {q : ToU(mhyg, 1t) > Tiou } U {q*}, Tou = 0.2. (4.16)

In (4.14)—(4.16), |-| counts foreground pixels; 7,, binarises the soft masks; 7,y is the
overlap above which a query is deemed responsible for the instance; and the union
with ¢* guarantees Qr # & even when no query clears m,y.

A key sequential subtlety is which model (4.16) is run against. Instance identity
(u, validity, difficulty) is always taken from the teacher so that it cannot drift (sec-
tion 4.3.1). The query to suppress, however, is matched against the student’s current
output: earlier edits push the student away from the teacher, so the query carrying
the instance in the live student can differ from the teacher’s stale query. Suppressing
the teacher’s query while the instance has re-routed to another student query is a
wrong-direction update that leaves the instance untouched; matching on the student
is what makes suppression act on the instance as the model currently represents it.

4.3.2 Localised Erasure and Retention

This subsection instantiates the surrogate forget objective Lz and the retain objec-
tive Lz of (4.6). Each optimisation step uses the weighted total

Lioa(0) = wr Laase(0) + > w; L;(6), (4.17)

JER-terms
N

Lr(0)

J/

where Lqas0 18 the single forget term, the sum is the retain objective composed of
eight terms (Table 4.3), and the weights wz, w; are not fixed scalars but are set per
step by the dynamic weighter of subsection 4.3.3; Table 4.4 lists their base ratios.

The Forget Objective
The forget term is a weighted sum of four sub-objectives,
Eerase - )\mask £mask + >\cls Ecls + >\null Enull + >\pix ['pixv (418>

with (Amask, Actss Anunl, Apix) = (2.0,1.0,1.5,1.0). Each sub-objective is defined and
explained in turn; my, p, denote the student’s mask and class distribution, Q the
forget-query set (4.16), and p the target region.

Query-mask erasure.

1 4.1
‘Cmask ’Q]—" ’/JJ| Z Z Og mq x y)) ( 9)

q€Qr (z,y)Ep
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Table 4.3: The nine terms of Ly, by side. The forget side is the composite erase
term (4.18); the eight retain terms instantiate Lr (4.5).

Term Side Role

erase Lerase forget Suppress the target instance (composite; (4.18)).

retain Lpet retain Distil the teacher on held-out retain images.

same-image retain Lg; retain  Distil the non-forget queries on the target image.

forget-query retain Lg;  retain Preserve the forget queries on non-target pixels.

thing-class retain Lic retain  Distil class presence for all thing classes off-target.

boundary Lpq retain  Preserve masks in a band around the target
boundary.

same-class Lgc retain  Protect the target class’s presence off-target.

replay Liem retain Re-suppress previously forgotten targets (subsec-
tion 4.3.4).

drift Lqy retain  Anchor the student to an EMA of its past weights.

Table 4.4: Base loss weights per stage. These set the intended ratios on which the
dynamic weighter (subsection 4.3.3) operates; it rescales them per step by measured
gradient magnitude ((4.38)—(4.39)). The damage controller modulating the erase
weight is active in Stage B only.

Term Stage A Stage B
erase Lerase 1.0 1.0
retain Lyet 0.5 1.0
same-image retain Lg; 1.0 1.0
forget-query retain Lg, 1.0 1.0
thing-class retain Ly 1.0 1.5
boundary Lpg 0.5 1.0
same-class Lqc 1.0 1.5
replay Liem 0.5 1.0
drift Lqr 0.01 0.05

This drives each forget query’s mask probability towards 0 on the target pixels. The
sum is restricted to (z,y) € p (the target region) and to ¢ € Qx (the responsible
queries); the log(l — -) form grows without bound as m, — 1, applying strong
pressure where the mask is still confident. Because only target pixels are indexed,
the gradient on a query’s mask outside p is exactly zero, so other instances the query
serves are untouched here.

Localised class erasure. Define the per-query, per-pixel class-presence score

s, y) = py(c)my(z,y) €[0,1], (4.20)

the product of query ¢’s class-c probability and its mask value at (z,y). The localised
class-erase term suppresses this score only where the query mask and the target

Ovel"lap:

q€QF (z,y)EN

This is the key design choice that controls collateral. A forget query is typically a
general class detector serving many same-class instances; collapsing its global class-c
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logit would degrade detection of all cars or persons. By tying the signal to s, on p
only, the erase pressure is attached to the target instance rather than the class, and
the gradient vanishes off-target.

No-object promotion.

Enull - - Z 10gpq(®)7 (422)

q€QF

1
|QF|
where p,(@) is the probability mass on the “no object” class (whose index is derived
automatically from the model configuration). Maximising p,(2) turns suppression

into genuine reassignment of the forget queries to “nothing here”, rather than a
mere reduction of the class-c¢ score that could be re-interpreted as another class.

Pixel-class erasure. Aggregate the per-query scores (4.20) over queries with a
noisy-OR,

Puz,y) = 1—[J(1 = se(z,p)) €10,1], (4.23)

q

the probability that at least one query asserts class ¢ at pixel (x,y) under an inde-
pendence assumption, and suppress it on the target:

Lo = — Z log(1 — P.(z,y)). (4.24)
(z,y)Ep

Unlike a softmax-normalised sum, the noisy-OR in (4.23) stays in [0, 1] and nei-
ther saturates nor dilutes with the number of queries, so it keeps a usable gradient
regardless of how many queries assert the class.

The Retain Objective

All retain terms are temperature-scaled distillations of the student towards the
frozen teacher [3], which (by section 4.3.1) is a fixed reference. We define two
reusable operators. For a query set A, the class distillation is

ezk/T

S _
T ].A\ ZKL<UT H Ur( Zq ))» UT(Z)k = W’ (4-25)
and, for a spatial region 2 and query set A, the masked mask-discrepancy is

Mq(A !AH ’Z ST (mi(@y) —m] (z,y))". (4.26)

qeA (z,y)eN

In (4.25), qT, zq‘s are teacher/student class logits, 7 is the distillation temperature,
o, the temperature-softened softmax, KL(-||-) the Kullback—Leibler divergence from
the teacher distribution to the student’s, and the 72 factor restores the gradient
scale [3]. In (4.26), m3, m] are student/teacher soft masks and 2 selects the pixels
over which agreement is enforced. Let @ = {1,...,Q} be the full query set, Qr the

forget-query set (4.16), i the complement of the target region (all pixels outside p),
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and w,, the weight balancing the class- and mask-distillation parts. The first three
retain terms apply these operators on three disjoint domains.

The held-out retain term distils the teacher over all queries on a retain image Ir
drawn from R:

»Cret = IC’T(Q) + W, MQaII(Q)’ IR ~ R7 (427)

where €),; is the whole image. It guards against generic drift on scenes unrelated to
the request and is the empirical instance of the retain objective (4.5).

The same-image retain term distils the non-forget queries (Q \ Qx) on the target
image itself, restricted to the pixels outside the target (f1):

Li=K(Q\ Qr)+ wy Mu(Q\ 9QF), (4.28)

where Q \ QF excludes the queries being suppressed and i excludes the target
region. It protects the other instances visible in the target’s own frame from in-
frame collateral.
The forget-query retain term distils the forget queries Qr on the non-target pixels
fi:

Lig = K (QF) + wm Mu(Qr). (4.29)
Here the same queries that are suppressed on p by the erase terms (4.19)—(4.21) are
preserved on [i: because a forget query is a general detector serving many instances,
(4.29) retains the other instances it serves and is the exact off-target complement of
the localised erasure.
The remaining terms protect class-presence and geometry. Using the pixel class-
presence map (4.23) for the student (P7) and teacher (P]), and the off-target
hard/soft regions Qy = {(z,y) ¢ pu: P7 > 0.3} and Q, = {(x,y) ¢ p:0.15 < PT <
0.3}, the same-class term is

Lio=1o-7 > (PS—PI)"+

(z,y)€Q

1

g 2 (BT-RDL 4s0)

s | (z,y)EQs

which penalises the student for diverging from the teacher’s class-c presence away
from the target, weighting confidently-class regions (£2;) fully and ambiguous regions
(Q,) at half. Extending this to every thing class k € Ciping (With region Qp =
{(z,y) & u: P] > 0.15}) gives the thing-class retain term

! 2N (mor) (431)

‘ctc
Q

|Cthing| kECrhing
which was added because suppressing a car or person otherwise leaks onto neigh-
bouring thing classes (rider, motorcycle, bicycle). With B the radius-r band around
the target boundary, the boundary term is Lyqg = Mp(Q) (r = 3), and the drift
term anchors the trainable weights to a slow reference 6%,

Lo = |0 -0, (4.32)

where 6™ is initialised at 6§, and advanced after each request by an exponential
moving average towards the student (0" < (1 — a)f™f + af, a = 0.1), limiting
cumulative movement across the stream. The replay term Lem, the last term of
(4.17), is defined next; its selection and eviction policy is deferred to subsection 4.3.4.
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Replay (memory) loss. Because the forget constraint must hold over the cu-
mulative set F; (4.2), editing the shared decoder for a later request can re-awaken
an instance forgotten earlier. The replay term re-imposes the forgetting condition
on previously processed targets. At each step we draw a budget of b past targets
from the replay memory—selected, and evicted at capacity, by the priority defined
in subsection 4.3.4—and, for each, measure how strongly it has resurged in the stu-
dent’s current output. For a replay item j with stored image I;, target mask p;
(&
presence (4.23) on I;. Resurgence is scored by a differentiable class residue and a
soft mask residue. The class residue is the mean class-¢; presence the student still
places on the erased region,

and class c;, let mgj) denote the student’s soft masks and P its noisy-OR class-

. 1
A — > Pi(a.y), (4.33)

|'uj | (z,y)Epy

and the soft mask residue replaces the thresholded overlap of (4.14) with a differ-
entiable soft IoU between any student query mask and the target,

Z mt(]j)<x7 y) Mj(mv y)

IOUsoft(m((lj)7 ﬂ]) = : o j '
Z mé])(x,y) + Z (T, y) — Z mff)(x,y) iz, y) +e
( 7y) (I,y) (I’y)
(4.34)
The per-item resurgence score combines the two,
P 1)+ A i TV ). =L (435)

a soft, differentiable counterpart of the forgetting condition (4.4) evaluated on Ij;
Alou balances the class and mask residues. The replay loss is the mean resurgence
score over the usable subset B of the drawn budget (items whose stored mask and
class are valid on the current student),

1 .
‘Cmem = E Z P(]) (436)

jeB

Minimising £, drives both residues back towards zero, re-suppressing exactly the
past targets most at risk of returning and so enforcing the cumulative constraint that
single-request erasure cannot. The soft form (4.34) is what is optimised; the hard,
thresholded overlap used to report resurgence in chapter 5 is its non-differentiable
diagnostic counterpart, and the two need not agree exactly.

4.3.3 Asymmetric Gradient Balancing and Forget-Priority
Projection

The penalty form (4.9) hides two difficulties that a single fixed A cannot resolve:
the forget and retain gradients have different and drifting magnitudes, and they
often point in opposing directions. PAUSE resolves these in order—first magnitudes
(section 4.3.3), then directions (section 4.3.3). The guiding principle is balance, then
project.
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Dynamic Gradient Weighting

The problem with fixed weights. A term’s influence on the update is its con-
tribution ¢; = w; ||g;||, the product of its weight and its gradient magnitude. Because
the raw magnitudes ||g;|| differ across terms and change by orders of magnitude over
the schedule, fixing w; leaves ¢; uncontrolled: a retain term whose gradient hap-
pens to be large can swamp the forget term even at equal nominal weight, and the
realised forget/retain balance wanders. We instead set w; adaptively so that the
contributions hit an intended ratio.

Magnitude equalisation. Following GradNorm [9], we first equalise each term’s
gradient magnitude to a common reference and then re-apply the base ratios. Let
g; be an exponential moving average of ||g;||,

Gi < Bgi+ (1= 5)llgill, =009, (4.37)

which smooths step-to-step noise (the EMA is reset at the start of each stage, since
a new instance is a fresh optimisation). With the reference g = m >_; §; taken

base

as the mean retain-term norm, the equalised weight of term ¢ with base weight w;

(Table 4.4) is

wit = wpese 9 (4.38)
gi + ¢
Each term now contributes magnitude ~ ¢ scaled by its base ratio, so the base
ratios—not the accidental raw scales—determine the balance.

Forget-fraction renormalisation. We then rescale the forget weight so that the
forget term holds a fixed share p = 0.15 of the total contribution. With Cr = w¥gr

and Cr = ), w;"g;, the requirement ségfifcR = p is met by
C
wr e wd-s,  s= ﬂfﬁ' (4.39)

Holding p small but non-zero realises the constraint reading of (4.6): forgetting is
given a controlled, bounded slice of the update, and the majority of the gradient
budget is reserved for retention.

Damage-aware modulation. In the repair stage only (subsection 4.3.4), a pro-
portional controller modulates the forget weight to hold the measured same-class/boundary
damage D near a budget D* = 0.05:

D*
Wr < KWF, K = clip((ﬁ)v, 0.1, 2.0) , v =2.0. (4.40)

When damage is below budget (D < D*) the multiplier x > 1 gently boosts for-
getting; when damage overshoots (D > D*) the squared exponent makes x shrink
sharply, throttling forgetting; the clip bounds the intervention. The controller is
disabled in the “forget freely” stage, where unconstrained suppression is intended.
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Stability guards and why dynamic beats fixed. Three guards bound the
adaptation. A hard clamp keeps each effective weight within a factor of 8 of its base
(w; € [whe/8, 8wP*]), preventing the explosion that (4.38) would cause when
some g; — 0. A retain floor rescales the retain side up if its aggregate share would
fall below 0.6, preventing retain starvation. A forget floor keeps wr at > 10% of
its equalised value when the retain magnitude is momentarily ~ 0 (at a target’s
first step, where the student still equals the teacher and (4.39) would otherwise
zero the forget weight). The net effect is that the realised contribution ratio tracks
p throughout training regardless of the raw magnitudes—something no constant
A in (4.9) can do across a 160-step schedule and a T-request stream. Dynamic
weighting is thus the adaptive Lagrange multiplier of the constrained problem: it
improves stability (clamp and EMA prevent thrashing and explosions), forgetting
effectiveness (the forget floor guarantees initial progress), and wutility (the retain
floor and damage controller protect the retain side).

Forget-Priority Projection

After balancing, the forget and retain gradients can still conflict in direction. Let

gr = v@ (w]-'ﬁerase)a gr = V@ E’R - Z v@ (wjﬁj)7 (441>

J

be the (weighted) forget and retain gradients. A conflict is the event

(gr, 97) <0, (4.42)

i.e. a negative inner product: a descent step on retain would, in part, undo forgetting,
and vice versa.

Conflict resolution. Unlearning is asymmetric: by (4.6) forgetting is the objec-
tive and retention the constraint, so the two should not be treated even-handedly.
Symmetric gradient surgery such as PCGrad [26] would, under (4.42), project both
gradients onto each other’s normal plane, weakening the forget signal. PAUSE in-
stead delivers the forget gradient in full and projects only the retain gradient onto
the orthogonal complement of gz:

IR, 9F
IR %g}—a <gR7gf> < 07

gr = 97|
IR, otherwise,

9 = gr + Wy gx, (4.43)

where ¢ is the update gradient applied by the optimiser and w, (= 1) scales the
orthogonalised retain contribution. Geometrically, g is the projection of gz onto
the hyperplane normal to gr (Figure 4.2): the component of retention that fights
forgetting is removed, and only its non-conflicting part survives.

Optimisation behaviour: a guaranteed forget-descent direction. The asym-
metry yields a property symmetric surgery does not. Since g5 L g in the conflicting

case (and (gr,gr) > 0 otherwise), the inner product of the update with the forget

gradient is

(9.97) = lg7I” + w; (9w, 97) = lg=|> = 0. (4.44)
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3>
>

gr (delivered in full)

Figure 4.2: Asymmetric forget-priority projection (4.43). When the retain gradient
gr conflicts with the forget gradient gz, only the component g orthogonal to gz is
kept; the forget gradient is never altered. The combined update therefore satisfies

(9,97) = llgr|I* = 0.

Hence the gradient step —ng is always a descent direction for the forget loss,

d

3 £erase 9 - ’ - - 5 - — 2 < 0, 445
qy Lerse (0 =n9)| = ~(g7.9) = ~llar|* < (4.45)

so forgetting makes first-order progress at every step, no matter what retention asks
for. Meanwhile retention contributes its full non-conflicting descent: its first-order
effect is —(gr,9) = —(gr, gr) — w,||gx||?, in which the projection has stripped out
exactly the part of gr that pulled against gr. This is the precise sense in which
the method “prioritises forgetting while preserving utility”: (4.45) guarantees the
objective of (4.6) always advances, while the constraint is honoured as far as it can
be without reversing that advance.

Multiple retain terms. With the eight retain terms of (4.17), each gradient
gr; = Vg(w;L;) is projected independently against the same fixed gr and the
results summed,

g=gr+ Z w, g%zj, gfg], 1 g7 when conflicting. (4.46)
J

Because every component is projected against one fixed direction rather than against
one another, (4.44) still holds ({g,g7) = ||g#||*), and no projection can undo an-
other’s effect—the sequential-reprojection conflict of symmetric multi-task surgery
cannot arise. The symmetric (PCGrad) variant is kept only as an ablation com-
parator. A null-space alternative—constraining updates to the null space of the
retained-feature covariance, after Adam-NSCL [36]—was prototyped and found un-
suitable for this near-full-rank decoder; that negative result, which further motivates
the forget-priority choice, is reported in chapter 5.

4.3.4 The Sequential Repair Loop

Each request is processed in two stages with separate optimisers (Table 4.5). The
two-stage design is a core contribution: it separates achieving forgetting from re-
covering utility, turning the coupled problem (4.6) into two better-conditioned sub-
problems. Stage A drives the instance out using a small, high-leverage set of pa-
rameters and no projection; Stage B then repairs the retained behaviour under the
forget-priority projection while holding the instance down.
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Table 4.5: The two-stage schedule applied to every request. Step counts are upper
bounds; early stopping (subsection 4.3.5) ends a stage sooner once its criteria are
met (subject to the minimum).

Stage A — “forget freely” Stage B — “repair”
Trainable queries, class pred., mask embed. + transformer decoder layers
Projection none asymmetric (forget-priority)
Damage controller off on
Learning rate 1x1075 5x 1076
Steps (max/min)  40/15 120 / 40
Distil. temp. 7 2.0 1.2

Stage A: Forget Freely

Inputs. The current student 6;_; (already edited for requests 1,...,t — 1), the
request (Iy, g, ¢;), the forget-query set Qr matched on the student (4.16), a held-
out retain batch, and replay items. The trainable parameters are the shallow head
only—object queries, class predictor, mask embedding (Table 4.2)—and a fresh
AdamW optimiser [13] is created with learning rate 107°.

Objective and optimisation. Stage A minimises Lo (4.17) with projection dis-
abled and the damage controller off ; the dynamic weighter still balances magnitudes
(section 4.3.3). The retain terms are present but down-weighted (Table 4.4), and
the update is the plain weighted sum —n(gr + gr). “Freely” refers to the absence
of the projection/damage constraints, letting forgetting dominate the early steps
where g is strongest.

Output and contribution. The stage returns a student 6 in which the instance
is largely suppressed at the head level: the forget queries are pushed towards “no
object” (4.22) and their target-region mask and class scores are driven down (4.19)—
(4.21). Because only the shallow, high-leverage parameters move, this is a low-
dimensional edit that erases the instance quickly without yet disturbing the deeper
decoder layers.

Why it is necessary. Editing the head first means the deeper repair in Stage B
begins from an already-forgotten state and only has to hold the forget while restoring
utility. Attempting both at once from step 0—under projection, with the student
still equal to the teacher so gr = 0 and (4.39) ill-conditioned—would slow initial
forgetting and entangle the two objectives. Separating them makes each sub-problem
better-conditioned.

Stage B: Repair

Transition from Stage A. Stage B is initialised from 62; the forget-query set
is inherited (and may have grown via re-matching during Stage A, section 4.3.4);
and a fresh AdamW optimiser (learning rate 5 x 107%) and a reset weighter EMA
are created. The key handoff is that Stage B inherits an instance that is already
suppressed, so its role is constrained repair, not initial erasure.

Inputs. 07, the same request and (inherited) forget set, retain and replay batches.
The trainable set now additionally includes the transformer decoder layers (Ta-
ble 4.2), giving the capacity to re-route retained instances around the edited queries.
Objective and optimisation. Stage B minimises Ly, with the asymmetric pro-
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jection on (section 4.3.3) and the damage controller on ((4.40)), at higher retain/same-
class/thing-class weights and a sharper distillation temperature 7 = 1.2. The update
is the feasible-direction step —n g of (4.43)/(4.46): by (4.44) the forget loss keeps
descending while retention contributes only its non-conflicting part.

Output and contribution. The stage returns 6;, the result of processing request
t: the instance remains removed (the in-full forget gradient plus replay hold it
down) while the shared representation perturbed by Stage A is repaired, recovering
per-class quality and reducing collateral. After the stage the EMA anchor 6™ is
advanced (4.32) and the target is added to replay memory.

Why it is necessary. Stage A alone leaves the whole class degraded (constraint C1);
without Stage B utility is unacceptable. The deeper decoder layers must move to
repair, but they can be moved safely only once forgetting is established and the
projection guards retention from re-admitting the instance.

Replay Memory

Because the forget constraint must hold over the cumulative set F; ((4.2)), editing
the shared decoder for request t can re-awaken an instance forgotten earlier. A
replay memory stores each completed request (its image reference, mask, class, and
matched queries) up to capacity 50. At every step a budget of b = 4 past targets
is drawn and re-suppressed through a mask-based replay loss Lyem (the “memory”
term of (4.17)). Selection is by a priority

(i) =ari+Ba;+y1[ci = ceur), (o, B,7) = (1.0, 0.1, 0.5), (4.47)

where r; is item 4’s most recently measured resurgence, a; its age in the stream,
and the indicator favours items of the current request’s class c..,; the same priority
governs eviction at capacity. Replay thus re-imposes (4.4) on the past targets most
at risk of returning.

Student Re-matching

Two re-matching mechanisms keep Qr aligned with the live student under drift
(section 4.3.1). Across requests, the forget set is matched against the student’s
current output. Within a stage, every 10 steps the target mask is re-matched against
the student’s current masks and any newly responsible queries are unioned into Qr;
the teacher-matched queries are re-unioned at each re-match and so can never be
dropped, only added to. This handles the case where the instance re-routes mid-
stage to a query outside the original forget set that the retain terms would otherwise
protect—a direct cause of partial forgetting.

The end-to-end procedure. algorithm 1 ties the components together. Across
the stream the teacher and frozen modules are held fixed; only the decoder head
moves, the EMA anchor is advanced after each request, and the replay memory
accumulates the edits so far.

4.3.5 Early Stopping and Stability Safeguards

Because the stream is long and the forget/retain coupling tight, several criteria
decide when to stop a stage and surface collateral before it compounds.
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Convergence early-stop. A stage halts once the instance is suppressed and held
suppressed: over a patience window of the last 10 steps, the target’s residual class
response stays below 0.15 and its residual mask IoU below 0.20, subject to a per-
stage minimum (15 steps for A, 40 for B). The window prevents stopping on a single
lucky step.

Emergency early-stop. If forgetting is incomplete but the measured boundary or
same-class damage exceeds twice its budget (2 x 0.05), the stage stops immediately:
further steps would only deepen the collateral without completing the forget, so
“stop” is the safe action under a runaway-damage trajectory.

Adaptive erase throttle. Complementing the per-step controller (4.40), a slower
safeguard halves the (already renormalised) forget weight whenever the three-step
average same-class or boundary damage exceeds 0.05. The two controls differ in
timescale—one per-step and proportional, one averaged and hard—and the throttle
is a no-op on the healthy trajectory where damage stays within budget.

Sequential collateral circuit breaker. A diagnostic guard watches for the method’s
principal failure mode. If a request the teacher recognised at selection (PIV > 0.5)
arrives already unrecognised by the student before its own step (pre-edit PIV < 0.2),
this signals that same-class collateral from earlier requests has bled forward and de-
graded the class. The run records the event and, optionally, halts if it recurs on
more than two consecutive requests. We surface this rather than suppress it: it is
direct evidence of the forget/retain tension characterised in chapter 5.

4.3.6 Baselines and Ablation Design

Baselines. We re-implement three unlearning baselines that share PAUSE’s stage
freezing, step budget, matching, and metrics through a common runner, so only the
per-step loss differs. NegGrad performs pure gradient ascent on the forget loss (the
retain-free ming Lz of subsection 4.1.2), with no retention, projection, or replay.
NegGrad+ adds a teacher-distilled retain term. SCRUB [42] alternates maximising
the student—teacher divergence on the forget set with distilling on the retain set.
To keep the comparison fair, the baselines use the published teacher-only match-
ing of their original formulations; the student re-matching of section 4.3.4 is part
of PAUSE’s contribution and is deliberately not retrofitted into them. Table 4.6
summarises the mechanisms each uses.

Ablation conditions. Each contribution is isolated by a single-component abla-
tion, all else held constant (Table 4.7); the corresponding results appear in chapter 5.

4.3.7 Evaluation Protocol and Metrics

We fix metric definitions here and apply them consistently in chapter 5.
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Forgetting. PIV (5.1) is a per-query measure of whether the responsible query
still predicts the instance. The honest headline forgetting metric is the panoptic-
removal rate: we run the same full panoptic post-processing Il used for visualisa-
tion and test condition (4.4)— whether any segment of the target’s class still overlaps
p. This matches what renders (objective O1, constraint C4) and can disagree with
PIV, so we report both and treat the panoptic-removal rate as primary.

Utility. Utility is the change in panoptic quality (PQ, with components SQ and
RQ) [16], reported both globally on the 500-image validation split and per class, since
a near-unchanged global PQ can hide a concentrated cost on the unlearned classes;
we therefore always report the per-class breakdown alongside the global figure.

Collateral, resurgence, membership. Collateral is quantified by same-class
and boundary damage; late resurgence by the change in PIV from a request’s own
completion to the end of the stream (positive values indicate a returned instance).
Where a membership-inference test is run, an AUC near 0.5 indicates a forgotten
instance is indistinguishable from one never seen.

4.3.8 Implementation and Reproducibility Details

All experiments run on a single consumer GPU (an RTX 4090 with 24 GB), un-
der mixed-precision (AMP) training and inference. Optimisation uses AdamW [13]
with weight decay 0.01 and no gradient accumulation; a fresh optimiser and a reset
weighter EMA are created at the start of each stage, reflecting that each request—
stage is a distinct optimisation. A fixed random seed makes target selection, match-
ing, and the training loop reproducible. For efficiency in the multi-retain projec-
tion (4.46), each term’s gradient is computed once per step and reused for both
the dynamic-weight magnitudes and the projection, avoiding a second backward
pass. The operative hyperparameters are collected in Table 4.8; of these, the two
parameters of the balance—the forget fraction p (4.39) and the damage budget
D* (4.40)—are dataset-dependent and would require re-tuning on a different dataset
or architecture, as examined in chapter 5.
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Algorithm 1: PAUSE: per-request sequential instance unlearning.

Input: teacher T, student S x 6 with 6 « 0y, request stream

(I, pe, cr) * t = 17 retain pool Dg, replay memory M « &, EMA
anchor 6™ « 6,

freeze T and the student backbone/pixel encoder;
fort=1...T do

obtain teacher prediction on [; and establish target identity
(pt, PIV, difficulty) using (5.1);
“ match teacher queries Q7 and student queries Qg to y; using (4.16)

(113

// Stage B: repair

add decoder layers to trainable parameters; projection=asymmetric;
damage-throttle=on; Ir = 5 x 107%; fresh AdamW:; reset weighter

for step=1...120 do

if target is invalid then
L continue

Or < Qg if the student match is valid, otherwise Qr

Qseed — QT

// Stage A: free forgetting

set head/query parameters trainable; projection=none;
damage-throttle=off; Ir = 107°; fresh AdamW; reset weighter

for step=1...40 do

every 10 steps: re-match on the student and update
Qr + Qr U Qqeea U Match(Sy(1y), i)

compute forget, retain, replay, and drift losses using (4.17); sample
replay items from M using (4.47)

balance loss magnitudes using (4.37)—(4.39); take an AdamW step
on the weighted objective

if early stop holds and step> 15 then
L break

every 10 steps: re-match and update Qr with the teacher seed and
current student match

compute forget, retain, replay, and drift losses; balance weights using
(4.37)—(4.40)

compute gr and retain-side gradients {gg x}; project retain gradients
onto g7 using (4.43)—(4.46)

take an AdamW step using gr + >, Grk

if early stop holds and step> 40 then
L break

update 0" using (4.32); add request t to M; age replay items and
update resurgence scores
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Table 4.6: Baselines compared against PAUSE. All share the same freezing, step
budget, and metrics; only the per-step loss and mechanisms differ. (v* present, —

absent.)

Method

Retain term Projection Replay Student re-match

NegGrad [42]
NegGrad+ [42]
SCRUB [42]
PAUSE

SNENEN
|

v

Table 4.7: Ablation conditions. Each removes or replaces one component to test the
design claim it supports.

Condition

Design claim tested

no replay
no projection

symmetric vs. asymmetric  Forget-priority
(PCGrad-style) surgery.

no same-class / global Localised erasure and class protection reduce class-

erase
no Stage A (optional)

Replay is needed to prevent cross-request resurgence.
Direction conflict between forget and retain harms the

trade-off.

level collateral.

projection

beats even-handed

The unconstrained “forget freely” stage is necessary

before repair.

Table 4.8: Operative hyperparameters of PAUSE.

Group Parameter Value
Matching mask thr. 7,,, / IoU thr. 15y 0.5/0.2
within-stage re-match interval 10 steps
Erase weights (Amask> Acls> Anull, Apix) (2.0,1.0,1.5,1.0)
Dynamic weights forget fraction p 0.15
min. retain fraction 0.60
EMA § / max weight ratio 0.9/8.0

Damage control
Early stop

Projection
Replay

Distillation
Boundary
Drift
Optimiser

budget D* / gain 7 / clip

class / mask residue thr. / patience

emergency damage factor
mode (Stage A / Stage B)

capacity / per-step budget b

priority (a, 8,7)

temperature 7 (Stage A / Stage B)

band radius r
EMA anchor o

AdamW weight decay / precision

0.05 /2.0 /[0.1, 2.0]
0.15/0.20 /10

2.0

none / asymmetric
50 /4
(1.0,0.1,0.5)
2.0/1.2

3 px

0.1

0.01 / AMP
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Chapter 5

Result Analysis

This chapter evaluates PAUSE on the task it was designed for: sequential, instance-
level unlearning in a panoptic segmentation model. We first set out the evaluation
criteria and protocol, then report the method’s utility preservation, its forgetting
quality, and its behaviour across the removal sequence. We analyse the design
through qualitative output and a set of component ablations, apply statistical tests
to the per-target measurements, and finally place PAUSE against three unlearning
baselines. Throughout, the central finding is reported honestly: PAUSE attains
near-complete utility preservation while removing the majority of targeted instances,
and the small number of instances that resist removal expose a forgetting-retention
tension that we characterise rather than conceal.

5.1 Performance Evaluation

5.1.1 Evaluation Criteria and Testing Protocol

All experiments use the HuggingFace Mask2Former model with a Swin-B backbone
[29], pre-trained on Cityscapes panoptic [5]. The teacher is frozen and a student is
initialised from its weights; only the transformer decoder head is trainable, while
the Swin backbone and pixel decoder remain frozen. Unlearning is applied sequen-
tially to ten curated targets (seven cars, three persons), each well-predicted by the
teacher (initial PIV > 0.5 where possible), mid-sized and isolated. Global utility is
measured on the official 500-image Cityscapes validation split before and after the
full sequence.

Two families of criteria are used. Utility is measured by panoptic quality (PQ) and
its segmentation- and recognition-quality components (SQ, RQ), globally and per
class, following the standard panoptic protocol [16]; the headline utility statistic is
the change in global PQ, APQ. Forgetting is measured at the level of the individual
target. We define the predicted-instance validity,

PIV = max IoU(q, t) X Pelass(q), (5.1)
q

a per-query quantity equal to the best query—target mask overlap weighted by that
query’s matched class probability; class- and mask-residue are the residual class
and mask responses on the target region after unlearning. The honest removal
criterion is the panoptic-removal rate: the target’s image is passed through the
same full panoptic post-processing used for visualisation, and the target is counted
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as removed only if no segment of its class overlaps the target region. This is the
quantity that matches what actually renders, and it is the primary forgetting metric
in this chapter. A per-query target suppression success (TSS) is reported as a
secondary measure; as Section 5.2.3 shows, the two can disagree.

5.1.2 Global Utility Preservation

PAUSE leaves global utility almost unchanged. Table 5.1 reports global PQ, SQ
and RQ together with the underlying true-positive (TP), false-positive (FP) and
false-negative (FN) counts before and after the full ten-target sequence. Global PQ
moves from 0.6453 to 0.6427, a change of —0.0026 (about —0.26 percentage points),
i.e. 99.6% of the teacher’s panoptic quality is retained. SQ and RQ are likewise
essentially flat (—0.003 and —0.0005).

Table 5.1: Global panoptic utility on the 500-image Cityscapes validation split, be-
fore and after the full sequential unlearning of all ten targets (PAUSE). PQ/SQ/RQ
are essentially preserved; the detection counts show fewer detections with a slight
precision gain.

Metric Before  After A
PQ 0.6453 0.6427 —0.0026
SQ 0.8200 0.8170 —0.0030
RQ 0.7773 0.7768 —0.0005
True positives 10646 10039 —607
False positives 3987 3169 —818

False negatives 4025 4632 +607

The detection-count changes are consistent with targeted removal rather than in-
discriminate degradation. True positives fall by 607 and false negatives rise by the
same amount, as expected when instances are withdrawn from the output; notably,
false positives fall further still (—818), so the model becomes marginally more precise
overall. Figure 5.1 visualises these shifts. The pattern is what one would hope to see
from a method that suppresses specific instances while protecting the surrounding
prediction.

5.1.3 Per-Class Utility Analysis

The small global cost is concentrated, as designed, on the unlearned and closely
related thing-classes; stuff-classes are untouched. Table 5.2 lists per-class PQ before
and after, and Figure 5.2 shows the change as a diverging bar chart.

The two unlearned classes lose only 1.47pp (car) and 1.65pp (person) of PQ. The
largest single cost is on motorcycle (—3.25pp); this is a low-frequency class with
high evaluation variance and is not itself targeted, so the change is better read as
collateral sensitivity than as targeted damage. Crucially, every stuff-class moves
within roughly £2pp of its starting value and several increase (wall +1.81, terrain
+1.50, sky +1.17); because the pixel decoder is frozen, these fluctuations are evalua-
tion noise rather than a signal. The localisation of cost to a handful of thing-classes
is the intended behaviour and is the direct consequence of the localised erasure and
thing-class retention objectives, which we ablate in Section 5.3.
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Table 5.2: Per-class PQ before and after unlearning (PAUSE), grouped into thing-
and stuff-classes. The two unlearned classes are car and person. A is in percentage
points (pp). The largest cost falls on motorcycle, a low-frequency, high-variance
class; stuff-classes vary only within noise, consistent with the frozen pixel decoder.

Class PQ before PQ after A (pp)
Thing-classes (instance)

person ' 0.5241 0.5076  —1.65
rider 0.5098 0.4939 —1.59
car f 0.6880 0.6733  —1.47
truck 0.5450 0.5257  —1.93
bus 0.7251 0.7259  +0.08
train 0.7036 0.7041  +0.05
motorcycle 0.4567 0.4242  —3.25
bicycle 0.4512 0.4446  —0.66
Stuff-classes (frozen pizel decoder)

road 0.9802 0.9753  —0.49
sidewalk 0.7895 0.7911  +0.16
building 0.8982 0.8952  —0.30
wall 0.4502 0.4683  +1.81
fence 0.4527 0.4676  +1.49
pole 0.5827 0.5827  +0.00
traffic light 0.5671 0.5743  +0.72
traffic sign 0.7405 0.7370  —0.35
vegetation 0.9054 0.9027 —0.27
terrain 0.3963 0.4113  +1.50
sky 0.8944 0.9061  +1.17

T Unlearned class.
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Global detection counts before vs after unlearning (PAUSE)
-607
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8000 -

6000
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Count (500-image val set)

2000 -

True pos. False pos. False neg.

Figure 5.1: Global true-/false-positive and false-negative counts before and after
unlearning (PAUSE). Fewer detections overall, with false positives reduced more
than true positives.

Per-class utility change after unlearning (PAUSE)

I Unlearned class (car, person)
walll wwm Other thing class
terrain | mmm Stuff class (frozen decoder)
fence -

sky 1

traffic light
sidewalk
bus -

train A

pole -
vegetation A
building
traffic sign
road
bicycle
car

rider
person -
truck
motorcycle -3.25

+1.81
+1.50
+1.49

—4 -3 -2 -1 0 1 2
APQ (percentage points, after — before)

Figure 5.2: Per-class APQ after unlearning (PAUSE), sorted. The unlearned classes
(red) lose 1.5-1.7 pp; related thing-classes (orange) a little more in the low-frequency
cases; stuff-classes (blue) fluctuate within noise around zero, several rising, as ex-
pected from the frozen pixel decoder.
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5.1.4 Instance Forgetting Quality

PAUSE removes the majority of targeted instances. Across the ten targets the
panoptic-removal rate is 8 /10, the per-query final TSS is 9/10, and the after-phase
per-query T'SS is 7/10 (Table 5.3). The mean per-target PIV falls from 0.708 before
unlearning to 0.077 immediately after each target’s own step, and to 0.074 at the
end of the sequence; mean class residue falls from 0.673 to 0.137 and mean mask
residue from 0.740 to 0.099. The per-target breakdown is given in Table 5.4 and
visualised in Figure 5.3.

Table 5.3: Aggregate forgetting metrics for PAUSE across the ten targets. The
three success rates measure forgetting differently and need not agree; the panoptic-
removal rate is the primary (rendered-output) metric.

Quantity Before After / Final
Mean PIV (after own step)  0.7076 0.0767
Mean PIV (final) 0.7076 0.0736
Mean class residue 0.6729 0.1367
Mean mask residue 0.7397 0.0994
After-phase TSS (per-query) 7/10
Final TSS (per-query) 9/10
Panoptic-removal rate 8/10
Mean same-class damage 0.1535
Mean boundary damage 0.0073

Table 5.4: Per-target forgetting outcomes (PAUSE). PIV is reported before un-
learning, immediately after the target’s own step, and at the end of the sequence.
“aTSS” /“fTSS” are the per-query after-/final suppression successes; “Rem.” is
panoptic removal from the rendered output; “Res.” is resurgence (final — after
PIV). T9 is the hard failure and T10 the soft failure discussed in Section 5.2.1.

ID Class PIVyy PIV,y PIVg, aTSS fT'SS Rem. Res.

T1 car 0.9547 0.0013 0.0000 Vv v v —0.001
T2  car 0.8648 0.0031 0.0007 Vv v v —0.002
T3  person 0.8313 0.0376 0.0079 v v v —0.030
T4  car 0.9030 0.4008 0.0008 X v v —0.400
T5 person 0.6275 0.0431 0.0041 X v v —0.039
T6  car 0.8440 0.1492 0.0000 X v v —0.149
T7  car 0.9369 0.0014 0.0001 v v v —0.001
T8 car 0.8793 0.0560 0.0630 v v v +0.007
T9  car 0.0001 0.0110 0.5901 v X X +0.579
T10 person 0.2345 0.0633 0.0692 v v X +0.006

Eight of the ten targets are driven to near-zero PIV and remain suppressed through
the rest of the sequence. The two exceptions are informative rather than random.
T9 begins with PIV = 0.0001 — it was already collaterally suppressed before its own
unlearning step — and is the single hard failure: it resurges to PIV 0.59 and reappears
in the output. T10 reaches low PIV (0.069) and passes the per-query criterion, yet
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Per-target forgetting trajectory: PIV across phases (PAUSE)
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Figure 5.3: Per-target PIV before unlearning, after the target’s own step, and at the
sequence end (PAUSE). Eight targets are driven to near-zero PIV and stay there.
T9 (already near-zero before its own step) resurges to PIV 0.59 by the end and is
not removed; T10 stays at low PIV yet remains visible in the rendered output.

a person segment still renders over its region, so it fails the panoptic-removal test.
Both cases are analysed in Sections 5.2.1 and 5.2.3.

5.1.5 Sequential Stability and Resurgence

Because targets are unlearned in sequence, an instance suppressed early can be
disturbed by later updates. We quantify this with resurgence, the change in PIV
from immediately after a target’s own step to the end of the sequence (Figure 5.4).
For eight targets resurgence is zero or negative — they are further suppressed, not
revived — which indicates that the replay objective is actively re-suppressing earlier
targets as the sequence proceeds (quantified in Section 5.3). The only material
positive resurgence is T9 (40.58); T8 and T'10 show negligible positive drift (+0.007,
+0.006). Mean resurgence across the ten targets is —0.003, i.e. no net revival on
average.

5.2 Analysis of Design Solutions

5.2.1 Qualitative Behaviour

The quantitative picture is borne out by the rendered panoptic output. Each panel
in Figures 5.5-5.9 shows the input image, the teacher’s prediction before unlearning,
and the student’s prediction after the full sequence.

Figure 5.5 (T1, a foreground van) is a representative clean success: the target’s
segment, outlined in the “before” panel, is absent from the “after” panel, while the
neighbouring cars and the tram are preserved with their original labels. This is the
intended behaviour — the instance is removed and its surroundings are left intact.
Figure 5.7 (T3) makes the same point for the person class and under a stricter test:
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Late resurgence across the unlearning sequence (PAUSE)
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Figure 5.4: Resurgence (final PIV — after PIV) per target (PAUSE). Most targets
are further suppressed over the sequence; only T9 shows substantial revival, and
T10 remains visible despite low PIV.

the targeted pedestrian is removed while several other pedestrians in the same image
are retained, confirming that removal is instance-level rather than class-level.

Figure 5.5: Clean removal (T1). Left: input. Centre: teacher prediction with the
target outlined. Right: student prediction after the full sequence — the target van is
gone while surrounding instances are preserved.

The same scene also illustrates the sequential character of the method, because it
contains a second curated target. The image of Figure 5.5 additionally holds T4,
a light-coloured car parked among the vehicles on the left, which is unlearned at
a later step in the sequence than the van. Figure 5.6 shows the outcome at the
end of the full sequence: the car outlined in the “before” panel is absent from the
“after” panel, while the neighbouring vehicles, the tram and the surrounding stuff-
classes remain intact. Two distinct instances drawn from a single image are thus
each removed, and neither removal is revived as the sequence proceeds — the van
(T1, processed earlier) and the car (T4, processed later) both finish the sequence
further suppressed than immediately after their own steps (resurgence —0.001 and
—0.400 respectively; see Table 5.4). This is direct visual evidence that suppression
is instance-level and that earlier removals are preserved while subsequent targets are
processed.
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Figure 5.6: Sequential instance-level removal within a single image (T4). This is
the scene of Figure 5.5; the second target, a light-coloured car (outlined, centre), is
removed after the full sequence (right) at a step later than the van of Figure 5.5,
while the other vehicles, the tram and the surrounding classes are preserved. The two
targets from this image (T1, the van; T4, this car) are both removed and neither is
revived by later steps, illustrating that sequential unlearning accumulates removals
without disturbing earlier ones.

Figure 5.7: Clean instance-level removal on the person class (T3). The targeted
pedestrian (outlined, centre) is removed after the full sequence (right) while the
other pedestrians of the same class and the surrounding vehicles are preserved —
evidence that suppression is instance-level, not class-level.

Figure 5.8 (T9) is the hard failure, and its cause is best understood at the level of
individual decoder queries. In Mask2Former the mapping between object queries
and instances is not fixed: the same instance can be carried by different queries in
the teacher and in the drifting student. For T9 the teacher anchors the target to
query 77, whereas by the time of T9’s own step the student has already re-routed
it to query 72; PAUSE’s union-seeded re-matching detects this and suppresses both
queries ({72,77}), driving the after-step PIV to 0.011 with the segment correctly
removed. The instance nonetheless resurges to PIV 0.59 by the end of the sequence.
The most consistent explanation is a query-reassignment effect. T9 was already
collaterally suppressed before its own step (initial PIV =~ 0.0001), so the forget
objective had almost no active instance on which to anchor a durable suppression;
once optimisation moves past T9, the broad class-preservation objective — which
protects the car class everywhere in order to retain utility — supplies a gradient
that reinstates a car prediction in this confidently predicted region, and the matcher
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assigns that prediction to a query outside the frozen forget set {72, 77}. The instance
therefore reappears through a different query from the one that was suppressed,
which T9’s forget terms no longer cover. This is the forgetting—retention tension in
its sharpest form: the same class protection that holds global PQ at 99.6% is what
reintroduces an already-forgotten instance, because to a class-level objective that
instance is indistinguishable from the cars that must be kept.

Figure 5.9 (T10) is the soft failure: the pedestrian’s PIV is low, so the per-query
criterion records success, but a person segment still renders, so panoptic-removal
records failure. Together these two cases motivate using the rendered-output metric
as the honest headline (Section 5.2.3).

Figure 5.8: Hard failure (T9). The target car is already absent before its own step
(centre) but reappears as a confident car instance after the full sequence (right).
The teacher anchors this instance to query 77 and the student to query 72 (both
suppressed at T9’s step); the resurgence emerges on a query outside that suppressed
set, driven by the class-preservation objective — a query-reassignment effect.

Figure 5.9: Soft failure (T'10). The target pedestrian reaches low PIV yet a person
segment still renders (right), so it passes the per-query criterion but fails panoptic-
removal.

5.2.2 The Forgetting—Retention Tension

The two failures are not independent defects; they are two faces of the same tension.
Removing an instance pushes the decoder to withdraw class evidence on the target
region, while preserving utility requires the decoder to keep predicting that class
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wherever it legitimately appears. When a target lies in a region the teacher predicts
confidently, these objectives pull in opposite directions, and the retention side can
dominate — producing either revival (T9) or persistence (T10). PAUSE manages this
tension well in the common case (eight of ten targets are removed with negligible
utility cost), but it does not dissolve it. We regard the explicit characterisation of
this trade-off, rather than a claim of perfect forgetting, as a contribution in its own
right.

5.2.3 Why Panoptic-Removal is the Honest Metric

The three forgetting rates in Table 5.3 measure different things and can disagree
(Figure 5.10). The after-phase and final per-query T'SS examine whether a particular
query still predicts the instance; the panoptic-removal rate examines whether any
segment of the class still renders over the target after full panoptic post-processing.
T10 illustrates the gap directly: its query is suppressed (per-query success) yet a
segment renders (panoptic failure). Because what matters for an unlearning claim
is what the deployed model actually outputs, we adopt the panoptic-removal rate
(8/10) as the primary metric and report the per-query rates as secondary diagnostics.
Reporting only the more favourable per-query rate would overstate the method.

Forgetting measured three ways (PAUSE)

1.01 primary / honest headline metric
0.9 (9/10)
0.8 \3/10)
0.8 1
0.7 (7/10)
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Figure 5.10: Forgetting measured three ways (PAUSE). The per-query rates (7/10,
9/10) are more generous than the rendered-output panoptic-removal rate (8/10),
which is adopted as the honest headline.

5.3 Final Design Adjustments

This section justifies the final configuration of PAUSE through ablations. Each
variant removes exactly one component and holds everything else constant — the
same model, freezing, step budget, matching and metrics — so that any change in
behaviour is attributable to that component. Table 5.5 summarises the four runs
and Figures 5.11-5.12 visualise them.
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Table 5.5: Ablation study. Each variant removes one component from the full
method. “Rem.” is the panoptic-removal rate, “fTSS” the final per-query rate,
“after-PIV” the mean PIV immediately after each target’s step (lower is better),
“SCD” the mean same-class damage.

Variant Rem. fTSS Mean after-PIV. ~ SCD APQ
No projection 7/10  8/10 0.8718 0.0517  —0.0078
No replay 1/10 1/10 0.0787 0.0941  —0.0044
No same-class ~ 8/10 8/10 0.1078 0.1628  —0.0050
PAUSE (full) 8/10 9/10 0.0767 0.1535 —0.0026
Ablation: contribution of each PAUSE component
Forgetting Collateral cost
1.0 BN Panoptic-removal rate 0.16 - B Same-cl mage
I Mean after-PIV (lower = better) mm |APQ| (gl
0.8 0.8 0.141
0.8 1 . .
0.7 0.12
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g % 0.08 1
" 04 = 0.06 -
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Figure 5.11: Contribution of each component. Left: forgetting (panoptic-removal
rate and mean after-PIV). Right: collateral cost (same-class damage and |APQ)).
Removing replay collapses forgetting; removing projection collapses per-step sup-
pression.

Replay (sequential retention). Removing replay is the most damaging sin-
gle change: the panoptic-removal rate collapses from 8/10 to 1/10 and the final
per-query rate to 1/10, even though immediate after-step suppression is essentially
unchanged (after-PIV 0.079, close to the full method’s 0.077). The interpretation
is clear: without replay the model forgets each target at its own step but later up-
dates revive almost all of them. Replay is therefore the component responsible for
sequential stability, and its absence turns the method into a single-shot procedure
that does not survive a stream of requests.

Asymmetric projection. Removing the asymmetric forget-priority projection
leaves the final removal rate broadly intact (7/10) but destroys clean per-step for-
getting: mean after-PIV rises from 0.077 to 0.872, meaning that at the moment each
target is processed it is barely suppressed. That the final rate nonetheless recovers
to 7/10 indicates that downstream updates and replay eventually compensate, but
the method becomes far less predictable per step and the global utility cost roughly
triples (APQ —0.0078 vs —0.0026). Projection is what allows the forget gradient to
act decisively at each step without the retain gradient cancelling it.
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Same-class / thing-class retention. Removing same-class retention keeps the
global numbers superficially similar (removal 8/10, APQ —0.0050), which is exactly
why a global figure can mislead: the cost reappears at the class level. Figure 5.12
shows that without this term the person class loses 4.1 pp of PQ (against 1.65 pp for
the full method), while car is largely unaffected — consistent with the term’s role in
protecting the unlearned classes from broad suppression. The same-class objective
trades a little additional same-class damage (SCD 0.163 vs 0.154) for substantially
lower class-level utility loss on the more diffuse class.

Per-class collateral on unlearned classes, by ablation
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Figure 5.12: Per-class APQ on the unlearned classes across ablations. Removing
same-class retention roughly doubles the person-class cost, a difference the global
APQ hides.

Final configuration. The ablations support retaining all four analysed compo-
nents. Replay is indispensable for sequential stability; asymmetric projection is
required for decisive per-step forgetting and lower utility cost; same-class retention
protects the unlearned classes at the class level; localised erasure (whose removal
produced large class-level damage in earlier development and is reflected in the local-
isation seen in Section 5.1.3) keeps the cost confined. The final PAUSE configuration
is therefore the full method as evaluated in Section 5.1.

5.4 Statistical Analysis

We apply non-parametric tests appropriate to the ten paired per-target measure-
ments; with n = 10 these are indicative rather than definitive, and we report them
as such. Table 5.6 collects the results.

5.4.1 Significance of Instance Suppression

The reduction in PIV from before to after unlearning is statistically significant under
a Wilcoxon signed-rank test (W = 1.0, p = 0.0039), with a large effect size (Cliff’s
9 = 0.78) and a median reduction of 0.74. The reduction persists to the end of the
sequence (W = 2.0, p = 0.0059, median reduction 0.83). In descriptive terms, mean
PIV falls from 0.708 4+ 0.328 to 0.077 4+ 0.122 after each step and to 0.074 4+ 0.184
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Table 5.6: Statistical analysis of the per-target measurements (n = 10, PAUSE).
Wilcoxon signed-rank tests assess PIV reduction; the correlation tests assess whether
the initial PIV predicts later resurgence.

Test

Statistic D

Interpretation

Wilcoxon, PIV before vs after
Wilcoxon, PIV before vs final
Cliff’s § (before/after)

Pearson r (init. PIV, resurg.)
Spearman p (init. PIV, resurg.)

W =1.0 0.0039
W =20 0.0059

0.78 -
—0.72 0.019
—0.21 0.567

significant reduction
significant reduction
large effect
suggestive!

not significant

at the end. The suppression effect is thus both large and consistent across targets,
the elevated final standard deviation being attributable almost entirely to T9.

5.4.2 Predictors of Resurgence

We tested whether a target’s initial PIV predicts its later resurgence (Figure 5.13).
The Pearson correlation is moderate-to-strong and significant (r = —0.72, p =
0.019), suggesting that targets with lower initial PIV resurge more, which matches
the T9 mechanism. However, the rank-based Spearman correlation is weak and
not significant (p = —0.21, p = 0.567). The discrepancy is itself informative: the
Pearson value is driven largely by the single extreme case (T9, initial PIV =~ 0,
resurgence +0.58), so we report the association as suggestive but not robust at this
sample size. The honest reading is that the already-suppressed-then-resurged pat-
tern is a plausible and observed failure mechanism, not a statistically established
law; confirming it would require more targets spanning the low-initial-PIV regime.

Initial state vs late resurgence (PAUSE)
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Figure 5.13: Initial PIV against resurgence (PAUSE), coloured by whether the target
was removed. The single low-initial-PIV target (T9) is the one large resurgence,
illustrating the failure mechanism while also dominating the parametric correlation.
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5.4.3 Utility—Forgetting Pareto Position

Finally, we summarise the methods on the two axes that matter jointly — forget-
ting and retained utility — in Section 5.5, where Figure 5.14 places PAUSE at the
favourable corner of the trade-off. We use relative PQ retention there to neutralise
the evaluator difference described below.

5.5 Comparisons and Relationships

5.5.1 Comparison Protocol and Fairness

PAUSE is compared with three unlearning baselines implemented faithfully and run
through the same harness: NegGrad (gradient ascent on the forget loss), NegGrad+
(ascent on forget plus a distilled retain term), and SCRUB [42], a distillation-based
MAX/MIN method. All baselines share PAUSE’s freezing, early-stopping, step
budget, matching and metrics; only the per-step loss differs. Baselines use teacher-
only matching, their published form, while student re-matching is part of PAUSE’s
contribution and is not retrofitted into them — stated here so the comparison is not
silently biased in PAUSE’s favour.

All experiments, including PAUSE, the ablations, and the three baselines, were
evaluated using the same official panopticapi evaluator. The teacher model obtains
a PQ of 0.6453 under this evaluator. Therefore, both absolute post-unlearning PQ
and relative retention metrics are directly comparable across methods. We report
APQ and relative PQ retention (after / before) to quantify the extent of performance
preservation after unlearning, while using the consistently evaluated absolute PQ
values for direct method-level comparison.

5.5.2 Unified Cross-Method Comparison

Table 5.7 reports all four methods. The headline relationship is a clear trade-off:
the three baselines all achieve 10/10 panoptic-removal, but they do so by degrading
the model, whereas PAUSE removes 8/10 while retaining 99.6% of utility.

Table 5.7: PAUSE vs. baselines on the ten targets. “Rem.” is panoptic-removal;
“aTSS” /“fTSS” are after-/final per-query rates (from the per-target logs); “Ret.” is
relative PQ retention (after/before); “SCD” is mean same-class damage. Absolute
PQ is not directly comparable across evaluators (see Section 5.5.1); compare APQ
and Ret.

Method PQbet  PQat APQ Ret. (%) Rem. aTSS fTSS

SCD

NegGrad [42] 0.6453 0.0029  —0.6424 0.45 10/10 9/10 10/10 0.582
NegGrad+ [42] 0.6453 0.3171  —0.3282 49.14 10/10 9/10 10/10 0.572
SCRUB [42] 0.6453 0.4703  —0.1750 72.88 10/10 9/10 10/10 0.446
PAUSE 0.6453 0.6427 —0.0026 99.6 8/10 7/10 9/10 0.154

Comparison with NegGrad. Pure gradient ascent removes every target (10/10)
but is catastrophic for utility: global PQ falls from 0.6453 to 0.0029 (APQ —0.6424;
0.45% retained), and both unlearned classes are reduced to zero PQ (Table 5.8).
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NegGrad “forgets” by destroying the model; it is an upper bound on aggression and
a lower bound on usefulness.

Comparison with NegGrad+. Adding a distilled retain term rescues some util-
ity — PQ after is 0.3171 (49.14% retained) — but the damage remains severe, and the
unlearned classes retain only 40.95% (car) and 22.15% (person) of their PQ. The
retain term helps but cannot, on its own, localise the forgetting.

Comparison with SCRUB. SCRUB [42] is the strongest baseline: its MAX/MIN
distillation retains 72.88% of PQ while removing all ten targets. Even so, its same-
class damage (0.446) is roughly three times PAUSE’s (0.154), and its unlearned
classes retain under half their PQ (car 43.89%, person 44.11%). SCRUB forgets

thoroughly but pays a class-level utility price an order of magnitude larger than
PAUSE.

Table 5.8: Retention of PQ on the two unlearned classes per method (after/before).
PAUSE preserves the unlearned classes almost entirely; the baselines remove the
target instances by degrading the whole class.

car person
Method A (pp) Ret. (%) A (pp) Ret. (%)
NegGrad [42]  —64.88 0.0 —52.41 0.0
NegGrad+ [42] —40.62  40.95 —40.80  22.15
SCRUB [42]  —38.60  43.80 —20.29  44.11
PAUSE —1.47 97.9 —-1.65 96.9

The trade-off, visualised. Figures 5.14-5.16 make the relationship explicit. On
the utility—forgetting plane (Figure 5.14) PAUSE sits alone in the desirable corner:
high removal and near-full retention. The baselines occupy the high-removal /low-
retention edge, NegGrad at the extreme. Figure 5.15 shows the order-of-magnitude
gap in APQ, and Figure 5.16 shows that the baselines achieve removal by gutting
the unlearned class, whereas PAUSE leaves it almost intact. The conclusion is not
that PAUSE forgets more — by the raw removal count the baselines match or exceed
it — but that PAUSE is the only method that forgets substantially without sacrificing
the utility the model exists to provide.

5.6 Discussions

5.6.1 Summary of Results

PAUSE removes the majority of targeted instances (8/10 by the rendered-output
metric) while retaining 99.6% of global panoptic quality and 97-98% of PQ on the
unlearned classes themselves. The utility cost is small, localised to a few thing-
classes, and absent from the frozen stuff-classes. The ablations show that each
analysed component earns its place: replay provides sequential stability, projection
provides decisive per-step forgetting, same-class retention protects the unlearned
classes at the class level, and localised erasure confines the cost. Against three
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Figure 5.14: Utility—forgetting trade-off. The vertical axis is relative P() retention
(after /before), chosen so the official-vs-internal evaluator offset cancels; the horizon-
tal axis is panoptic-removal. PAUSE occupies the favourable top-right region.

Figure 5.15: Global APQ per method. PAUSE’s utility cost is two to three orders
of magnitude smaller than the baselines’. Compare the magnitude of the drop, not
absolute PQ, because of the evaluator difference.

baselines, PAUSE is the only method that combines substantial forgetting with
preserved utility.

5.6.2 Interpretation and Implications

The comparison clarifies what is hard about this problem. Forgetting an instance is
eagy if one is willing to break the model — NegGrad demonstrates this emphatically.
The difficulty lies in forgetting an instance in a shared-representation dense predictor
without collateral damage, and it is on this axis that PAUSE’s design choices pay
off. The asymmetry of the unlearning objective — forgetting must win locally while
retention must hold globally — is what motivates an asymmetric, forget-priority
projection rather than a symmetric multi-task scheme, and the ablation of projection
supports that reasoning. More broadly, the results suggest that instance unlearning
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Figure 5.16: PQ retention on the unlearned classes (car, person) per method.
PAUSE retains 97-98%; the baselines retain half or less, and NegGrad none.

in panoptic models is best framed not as a binary capability but as a position on
a utility—forgetting frontier, and that the right question for a method is where on
that frontier it sits.

5.6.3 Limitations

The results carry honest limitations. First, forgetting is not complete: two of ten
targets resist removal, and the hard failure (T9) shows that a target which is al-
ready collaterally suppressed and lies in a confidently predicted region can be rein-
troduced by the class-preservation objective — the forgetting—retention tension is
real and unresolved in such cases. Second, forgetting leans on class suppression
even with no-object promotion, and the per-query and rendered-output metrics can
disagree (T10), which is why we report the stricter panoptic-removal rate. Third,
some targets are not cleanly forgotten at their own step and only settle by the final
evaluation, relying in part on downstream reinforcement; the no-projection ablation
shows how pronounced this can become. Fourth, generality is unvalidated beyond
Cityscapes and Mask2Former-Swin-B: the dynamic weighting’s two hyperparame-
ters are dataset-dependent and would need re-tuning elsewhere, and an evaluated
null-space projection was rejected because the panoptic decoder is near full-rank,
which is what motivated the forget-priority projection in the first place. Finally,
the statistical analysis rests on ten targets; the resurgence predictor is suggestive
rather than established, and the cross-method utility comparison is qualified by the
evaluator difference noted in Section 5.5.1.

5.6.4 Relation to Prior Work

The baselines situate PAUSE within the unlearning literature. Gradient-ascent
methods (NegGrad, NegGrad+) and distillation-based methods (SCRUB [42]) were
developed largely for classification, where forgetting a sample need not damage a
densely shared representation; transplanted to panoptic segmentation they forget
effectively but at a utility cost that the present results quantify. PAUSE’s projec-
tion draws on gradient-surgery ideas from multi-task learning — PCGrad [26] and
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gradient-magnitude balancing in the spirit of GradNorm [9] — but adapts them to the
asymmetric structure of unlearning rather than the symmetric structure of multi-
task optimisation. The honest-removal metric connects to the membership and
auditing perspective in the unlearning literature [27] by insisting that a forgetting
claim be evaluated on what the model actually outputs. In short, the contribution
is not a new optimiser but a problem formulation and a component design that hold
the utility—forgetting trade-off in a regime the prior methods do not reach, together
with an honest account of where it still fails.

70



Chapter 6

Conclusion

6.1 Summary of Findings

In this thesis, we introduced PAUSE, a post-hoc sequential instance unlearning
framework for panoptic segmentation models. The framework was designed to se-
lectively erase individual object instances without full retraining while preserving
overall segmentation utility. To achieve this, we combined localized erase objectives,
asymmetric gradient projection, dynamic loss balancing, and replay-guided sequen-
tial repair within a teacher—student setting. Experiments on Mask2Former using the
Cityscapes dataset showed that PAUSE can effectively suppress targeted instances
under sequential deletion while maintaining stable global performance. Compared
to existing baselines, the framework achieved stronger forgetting quality with lower
collateral degradation. The results also highlighted the inherent tension between
precise instance removal and same-class retention in dense prediction systems.

6.2 Contributions to the Field

This work contributes to the field by formally studying sequential instance-level un-
learning in panoptic segmentation, a largely unexplored dense prediction setting. We
proposed PAUSE, a practical framework tailored for query-based architectures, and
introduced an asymmetric forget-priority gradient projection strategy for resolving
forget-retain conflicts during optimization. In addition, we incorporated replay-
guided repair and dynamic loss balancing to improve sequential stability and reduce
resurgence. Finally, we established an evaluation framework combining forgetting
quality, utility preservation, and per-class collateral analysis for dense prediction
unlearning systems.

6.3 Recommendations for Future Work

Future work should evaluate PAUSE on larger datasets and alternative segmentation
architectures to examine its generalizability. Extending the framework toward stuff-
region unlearning, video segmentation, and multimodal dense prediction systems
also remains an important direction. Further research is needed to improve query-
tracking stability and reduce resurgence during long sequential deletion streams.
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Finally, integrating stronger privacy verification mechanisms and more computa-
tionally efficient update strategies may help make dense-prediction unlearning more
practical for real-world deployment.
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