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Abstract

An organization often holds too little labeled data to train a model that general-1

izes, and the records that would supply the rest sit with organizations that cannot2

release them. Cross-silo federated learning offers a way through, since partici-3

pants exchange model parameters rather than records, but it ordinarily settles two4

aspects of the arrangement in advance, the participating sites and the classes the5

model can predict, and deployment can breach both. A new site joins after train-6

ing, once the established sites have finished their engagement and gone offline,7

and its records arrive unlabeled, mixing conditions the model already recognizes8

with conditions no participant has observed. We present an autonomous three-9

stage procedure that expands the model entirely at the joining site: reconstruction10

experts screen for novelty, clustering separates the flagged records into candidate11

conditions, and class means describe the old classes, all inside one shared repre-12

sentation. Those classes were learned from records that never leave their owners,13

so the usual defenses against forgetting are unavailable, and the procedure sup-14

plies the evidence they would have carried from either of two dissimilar sources,15

prototypes held by the federation or records held by the joining site. On a real16

industrial condition-monitoring dataset, run end to end with no label consulted,17

either source holds old-class accuracy at 0.868 or above with forgetting at most18

0.063, and the two differ by 0.021, less than a single test record is worth, so a19

configuration can be chosen by the disclosure it permits rather than the accuracy20

it delivers. Both keep old- and new-class accuracy in balance where every alter-21

native we measure gives up one task for the other, and both retain more of the22

old classes than distillation- and regularization-based baselines. The balance still23

holds with only 6 labeled records per arriving condition and 3 retained per old24

class.25

1 Introduction26

A single organization often holds too little labeled data to train a model that generalizes well, while27

the records that would supply the rest sit with other organizations that cannot release them, since28

regulation, contracts and commercial sensitivity keep patient records, transaction histories and pro-29

cess measurements inside the firm that collected them. Federated learning offers a way through.30

The participants exchange model parameters instead of records, so each contributes what its data31

taught without disclosing the data itself [11, 18]. Most deployments then settle the arrangement at32

the outset in two respects. The set of participating sites is fixed, and so is the set of classes the model33

can predict.34
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Federated continual learning relaxes these commitments [6, 26], though usually under assumptions35

that a site joining a model already in production is unlikely to meet. Deployment can breach both at36

once. A new plant, hospital or business unit joins after the model is in service and brings operating37

conditions the federation never observed. By then the sites that trained the model may have com-38

pleted their engagement and gone offline, leaving the joining site what the base session produced39

rather than a federation it can convene. Class-incremental learning allows the output space to grow,40

but training on the new conditions also degrades accuracy on the classes learned earlier, an effect41

known as catastrophic forgetting [17].42

Forgetting is harder to counter inside a federation. Centralized continual learning counters43

forgetting in three broad ways, and this setting removes or weakens each. Replay stores a few44

examples of the old classes and mixes them into the new training data [20]. It is usually the most45

reliable and the first to fail here, because the old classes were learned from records that belong46

to other organizations and never left them. Regularization anchors the parameters to the previous47

solution using a curvature estimate such as a Fisher information [12]; it survives, but only if that48

estimate is computed where the old data are and shipped before the sites disconnect. Distillation49

keeps the new model’s outputs close to a frozen copy of the old one [14], and a joining site can50

apply it only to the records it holds, so the old classes are anchored through data drawn from a51

different distribution.52

What a late-joining site can and cannot use. Three constraints act together at the moment a site53

joins. Records stay where they were collected, so the established sites contribute no exemplars and54

need not remain reachable once the base model has been delivered. The arriving data carry no labels,55

so the emerging conditions have to be discovered before the output layer can grow. They are also56

scarce, since a recently joined site has little operating history and annotating it consumes the expert57

effort the federation was meant to conserve. What remains is one site, holding an unlabeled pool of58

tens of examples per condition, that has to extend a model other organizations depend on.59

One representation carries all three stages. The base federated session leaves behind more than60

a classifier. Its early layers encode what the participating sites have in common, the structure of the61

underlying process rather than the classes that session contained, and they are identical at every site62

because the federation trained them together. We write ϕθ for the activation they produce and use it63

as the working space for every later stage, scoring novelty there, clustering the flagged records there,64

and describing old classes by their means in the same space. Since every stage consumes activations65

rather than measurements, what leaves a site is a summary and not a record.66

Countering forgetting when the old data are elsewhere. Adding output units for the recovered67

conditions is mechanically simple. Keeping the model accurate on the classes it already had, while68

it trains on the new ones, is not. Something describing those classes has to enter the adaptation69

objective, and two sources remain once the established sites have gone offline. The federation70

can leave behind class prototypes, or the joining site can retain a small number of its own records,71

selected without labels by the same screen that identifies novelty. The two differ far less in what they72

achieve than in what they oblige an organization to disclose, so we treat them as a menu indexed by73

the governing privacy constraint rather than as an ablation ladder. Stated for a deployed system, the74

question is what a federation must carry forward in order to keep serving its members, and which of75

the available carriers a governance regime will permit.76

Contributions.77

1. An onboarding protocol for a site whose data are unlabeled and few, in which the incre-78

mental task is built autonomously at that site while the established sites stay offline, with79

screening, grouping and expansion all carried out inside one shared representation.80

2. An evaluation on real ultrasonic-welding process data covering different patterns of class81

arrival, against distillation- and regularization-based continual learning.82

3. A privacy-indexed account of old-class memory drawn from that evaluation. Federation-83

level prototypes and site-level records are dissimilar kinds of evidence, yet their accuracy84

differs by at most 0.022, so a deployment can choose between them by the disclosure it85

permits; both keep old-class and new-class accuracy within 0.026 of one another where86

every alternative we measure gives up one task to serve the other.87
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2 Related work88

Federated and federated class-incremental learning. FedAvg established model averaging for89

decentralized training [18], and later surveys catalogued the statistical, systems and privacy prob-90

lems that heterogeneous participants create [11, 13]. Federated class-incremental learning admits91

classes that arrive over time. Dong et al. [6] showed that local and global forgetting interact with92

client heterogeneity, a further line treats the problem as one of selecting which participants’ knowl-93

edge to accept rather than which exemplars to store [26], and a recent survey catalogues the task-94

and class-incremental variants [25]. These protocols assume conditions the present setting does not95

provide, namely labeled incremental tasks, clients that continue participating in federated rounds,96

and a proxy server, per-client exemplar memory or server-side generator [6, 27]. Here a single or-97

ganization arrives with an unlabeled pool and the established sites do not reconnect, so we compare98

against the centralized continual-learning methods that the same literature adapts when a federated99

protocol does not transfer [27].100

Open-set recognition and replay. Open-set recognition requires a classifier to reject inputs out-101

side its label set [2, 22], and reconstruction models suit the case in which examples of future classes102

cannot exist at training time [5]. The federated version has been addressed through disagreement103

between clients [29], which assumes the clients are online at the same time. We train one federated104

expert per known class, and the same screen also selects the records that anchor the old classes.105

Replay is among the most dependable defenses against forgetting [4, 17, 20], and its exemplars are106

normally chosen using labels, whereas prototypes are summaries obtained by averaging.107

Discovering the classes before learning them. A smaller body of work asks a federation to name108

classes that no site has labeled. Federated generalized category discovery clusters unlabeled client109

data into known and novel categories, but treats discovery as the end of the task rather than the110

start of an expansion [19], and federated open-world semi-supervised learning spans both halves111

with clients holding unlabeled data that contains novel classes [28]. Federated continual novel class112

learning is the closest published setting to ours that we are aware of: its clients detect novel classes,113

the server aligns their identity across sites, and training continues so that earlier classes survive114

[23]. Two conditions separate our problem from it: discovery there proceeds while every site still115

participates, whereas here the established sites are permanently offline and only a model and a small116

set of class summaries outlive them; and its clients hold enough unlabeled data for cross-client117

agreement to identify a novel class, while the site arriving here holds a few dozen records in total118

and must decide alone. Few-shot class-incremental learning addresses the second condition in the119

centralized case, typically by freezing the representation after a base session and placing new classes120

with prototypes [24], but receives those classes already named and labeled.121

Cross-silo federations. The setting studied here is cross-silo rather than cross-device, meaning122

a small number of organizations, each holding data it is legally or contractually unable to release,123

and each participating under a persistent identity [11, 13]. Hospitals, banks and manufacturers all124

train shared models over records they cannot release to one another [1, 3, 7, 16, 21]. Two features125

recur and shape the present problem: labeled data are scarce at any single silo, and the sensitivity126

of the records is the reason the federation exists at all, so every quantity a site releases has to be127

justified. We instantiate the protocol on ultrasonic welding, where unknown-fault detection and128

few-shot adaptation have been studied for a single machine and a single dataset [8]. That setting129

is centralized, so it faces neither the disclosure constraint nor the offline-participant constraint that130

shape the problem here.131

3 Problem formulation132

3.1 Setting133

Sites 1, . . . ,M hold private datasets over a class set Yold of size K, and a base federated session134

learns f0
θ without moving raw records. After deployment, site M+1 joins with an unlabeled pool U135

containing a mixture of Yold and a disjoint set Ynew whose size and identity are unknown on arrival.136

The classifier expands to K+R outputs using only what is available at the joining site together with137

the summaries the federation retained.138
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Figure 1: Onboarding a late-joining site. (A) The base federated session leaves behind a shared
classifier, one reconstruction expert per known class, and representation-level prototypes. (B) The
joining site screens its own unlabeled pool against those experts and clusters what it flags into can-
didate conditions. (C) The classifier expands by one output per recovered group, with the layers
producing ϕθ held fixed. Prototype replay and local rehearsal are alternative sources of old-class
evidence.

The federation retains the shared model, K reconstruction experts, the detection constants defined139

in Section 4, and one representation-level prototype per site and old class. The joining site keeps up140

to b of its own records per old class when the deployment permits it. Adaptation runs at site M+1141

alone, so the established sites need not reconnect and none of their records are transferred.142

3.2 Evaluation protocol143

We evaluate on one common held-out test set and report three quantities. Before the new site joins,144

A0
old is the old-class accuracy of the base model, averaged over the M established sites. After145

adaptation, Aold is the old-class accuracy of the expanded model averaged over those same M sites,146

and Anew is its accuracy on the conditions that arrived. There is one expanded model and one test147

set, and the per-site figures differ only in that each site reads those records through its own local148

input statistics. Forgetting is the drop on that same population, Fold = A0
old − Aold, so it measures149

what the established sites lose and the joining site never enters it. That site’s own old-class accuracy150

is reported separately, since no before-adaptation figure exists for it, and reporting the old classes151

before and after separates how much service the federation loses from how much of the new task it152

gains.153

4 Method154

The protocol performs three stages at the joining site. It screens the unlabeled pool for novelty,155

groups the flagged records into candidate conditions, and expands the classifier under an old-class156

memory constraint. Every stage operates on the same hidden representation, which is what allows157

the procedure to run without labels. Figure 1 identifies the quantities that cross a site boundary.158

4.1 The shared representation159

Each site trains a multilayer perceptron locally and the server averages the local parameters weighted160

by sample count. Let ϕθ(x) be the activation of an early hidden layer of the resulting model. How161

many layers precede ϕθ is a hyperparameter of the protocol: deep enough that ϕθ no longer carries162

the input variables themselves, and shallow enough that what it encodes belongs to the process the163

sites share rather than to the classes the base session contained, which is what allows it to represent164

conditions absent at training time.165
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Each stage relies on a different property of this space. Screening needs one in which a record’s166

dissimilarity to every known class can be measured, and the base session already shapes ϕθ so167

that the known classes separate in it. Grouping needs a space of manageable dimension in which168

records of one condition lie close together, and the same representation supplies one without a169

second embedding that the joining site has no labels to validate. Replay needs a form in which170

an established site can describe an old class without transmitting one of its records, and a mean171

activation serves, since every site reads this space through the same parameters while the mean itself172

is a summary rather than anything the site measured.173

4.2 Screening: identifying unfamiliar records174

For each c ∈ Yold the established sites jointly train a denoising autoencoder gc on representations175

labeled c only, using Gaussian input noise and the clean representation as the target. The server176

averages each expert independently. At inference,177

ec(x) = ∥ϕθ(x)− gc(ϕθ(x))∥22 , S(x) = min
c∈Yold

ec(x)

sc
. (1)

The score has a simple interpretation. A familiar record is reconstructed well by one specialist,178

whereas an unfamiliar record is explained by none of them. Using one expert per class rather than179

a single global model is what makes this interpretation available, since an autoencoder fitted to all180

known classes averages over a multimodal distribution.181

The divisor sc puts the experts on a common scale. Classes are not equally easy to reconstruct, so182

an unnormalized minimum is governed by whichever expert fits most loosely. Site m reports the183

median error of expert c on its own class-c records, then a high quantile of its own known-class184

scores, and the server averages each across sites,185

sc =
1

M

M∑︂
m=1

med {ec(x) : x ∈ Dm, y = c} , τ =
1

M

M∑︂
m=1

Qq({S(x) : x ∈ Dm}) . (2)

Each expert’s error is thereby judged against what it normally achieves on the class it owns, and the186

joining site flags x when S(x) > τ . Neither constant uses an example of a new class: each site187

releases K medians of its own known-class errors and one quantile of its own known-class scores,188

K+1 scalars beyond the model updates.189

4.3 Grouping: estimating how many conditions have arrived190

Screening identifies unfamiliar records but not how many conditions they represent. Their frozen191

representations are reduced by principal component analysis and clustered with DBSCAN [9], which192

needs no target cluster count and leaves low-density points unassigned. Each recovered group opens193

one new output, and no label is consulted.194

4.4 Expansion and the evidence it requires195

Once R groups exist, the output layer grows from K to K+R units. The weight vector and bias that196

produce each of the K old-class logits are copied from the base model and their gradients are set197

to zero, so the linear map from the representation to the old outputs survives adaptation unchanged.198

Every configuration described below keeps this masking in place except FINETUNE, which is plain199

fine-tuning.200

Preserving that map is not by itself enough to keep the old classes, because nothing in the adaptation201

objective refers to them. Containing forgetting needs evidence about the old classes inside that202

objective, and two sources remain available. They differ in what each obliges an organization to203

reveal.204

Federation-level evidence: prototypes. Before the established sites disconnect, the base federa-205

tion stores one prototype per site and old class,206

pm,c =
1

|Dm,c|
∑︂

(x,y)∈Dm,c

ϕθ0(x), (3)
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Table 1: Adaptation configurations, what each holds fixed, and the disclosure each requires. b is the
number of records the joining site retains per old class. Freezing ϕθ keeps prototypes and retained
records in a coordinate system that does not shift while the classifier is expanded.

Held fixed Old-class evidence

Name Old outputs ϕθ Prototypes Records Applicable when

FINETUNE no no no no no old-class evidence is available
FROZENHEAD yes no no no only the model may be reused
GLOBAL yes yes yes no class means may be released, nothing retained
LOCAL yes yes no b/class nothing released, records retained locally
DUAL yes yes yes b/class both disclosures are permitted

the mean activation of that site’s records for that class. The average is taken in the representation207

space deliberately. A mean of raw measurements would carry recognizable process values, whereas208

a mean activation lives in a space defined by parameters the federation already holds, so a site209

describes an old class without releasing anything it measured, and these MK vectors outlive the210

sites that produced them. During adaptation each prototype is injected at the frozen representation211

layer, forwarded through the remaining classifier, and its cross-entropy added to the loss on real212

data,213

Linc = LCE(x, y) + λp Lproto
CE (pm,c, c). (4)

Site-level evidence: local rehearsal. The joining site can instead assemble its own anchor set214

without labels, because the screen that identifies novelty also selects it. Records with S(x) ≤ τ are215

pseudo-labeled by the frozen base classifier and the site retains up to b per predicted old class, drawn216

uniformly. These records are never transmitted and the established sites supply no class means.217

4.5 A menu indexed by disclosure218

Table 1 lists the configurations. They are not successive steps toward one best setting; each answers219

differently the question of what a deployment may release, and Section 6 reports the accuracy each220

obtains.221

5 Experimental setup222

Instantiation. The protocol is instantiated on ultrasonic metal welding, a joining process used in223

battery and electronics manufacturing. The data comprise 270 observations, one per welding cycle,224

each a vector of 252 engineered signal features recorded on production equipment, organized into225

nine balanced classes formed by three tool states (new, worn, damaged) crossed with three surface226

states. The new- and worn-tool combinations are the six old classes, and the three damaged-tool227

combinations arrive later. Tool damage is a realistic condition to arrive late, since it develops with228

use and need not have occurred anywhere in the federation while the base model was trained. It229

is also the demanding choice, since the arriving classes pair damaged tools with surface states the230

federation already knows and so differ from familiar conditions along one factor only.231

The 30 records of each class are divided so that no observation is used twice. Six form a common232

test set on which no stage trains, six go to each of the three established sites for the old classes, and233

the remainder go to the joining site: six per old class and 24 per new class. The joining site therefore234

receives a pool of 36 familiar and 72 unfamiliar records, and every accuracy in the paper is measured235

on the 54-record test set. The data scale reflects the operating regime, since process data of this kind236

are proprietary, costly to label, and accumulate slowly at any one site.237

Models and optimization. The base classifier is a multilayer perceptron with hidden widths 150,238

90 and 40, trained for 20 federated rounds. In every experiment reported here ϕθ is the activation239

of the first of those layers and is therefore 150-dimensional. One denoising autoencoder per old240

class operates in that space, and the detection quantile is q = 0.95. Adaptation runs 20 site-local241

rounds with prototype loss weight one and b = 3 retained records per old class, so federation-level242

memory comprises 3 × 6 = 18 prototypes of dimension 150. Appendix E specifies the remaining243

hyperparameters.244
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Reference methods. Two established continual-learning methods are evaluated under the same245

architecture, split, optimization schedule and class-arrival patterns. LWF distils the frozen base246

model’s old-class outputs on the joining site’s adaptation records [14], and EWC penalizes param-247

eter movement weighted by a diagonal Fisher information computed at the established sites and248

averaged by the server [12]. Both are centralized methods that the federated class-incremental liter-249

ature adapts as references when its own protocols do not transfer [27]. Neither has a default weight250

that carries over here, so each is reported at the most favorable balanced setting it reaches in a sweep,251

which favors the reference methods; our own configurations use a fixed prototype weight of one and252

are not swept (Appendix B).253

What we measure. We run two main experiments. The first isolates the expansion step. New254

classes are given with verified labels, so screening and grouping contribute no error and the only255

thing that varies is which old-class evidence a configuration replays. Every configuration is eval-256

uated on all seven non-empty subsets of the three new classes, exercising arrivals of one, two and257

three classes, over 5 seeded splits, and Table 2(a) reports it. The second runs the procedure as de-258

ployed. The joining site’s pool is screened, grouped and used for expansion with no label consulted,259

so early errors propagate forward, and Table 2(b) reports it. Screening is also reported on its own,260

on the same pool.261

A jointly trained nine-class model is not an available reference, since it would need simultaneous262

access to historical and joining-site records, so base-session accuracy serves as the reference instead.263

The two panels run separate base sessions, whose per-seed accuracies agree to within one test record.264

Reported spreads are sample standard deviations across seeds. Old-class accuracy is measured on265

the 36 old-class records of the test set, so one record is worth 0.028, and we do not read a difference266

below that as separating two configurations.267

6 Results268

6.1 Screening269

On the pool the joining site receives, 36 familiar and 72 unfamiliar records, the detector reaches270

recall 0.975±0.027 and acceptance 0.750±0.068 at the federated threshold, with ROC-AUC 0.941±271

0.018; on average it misses under two unfamiliar records and flags one familiar record in four in272

error. High recall is the right operating point for onboarding, since a condition that is never flagged273

is never learned, whereas a familiar record flagged in error is passed to grouping, where it is either274

left unassigned or absorbed into a recovered group. Appendix A compares this score against post-275

hoc detectors read off the same classifier.276

6.2 The evidence that expansion requires277

Table 2(a) attributes old-class accuracy to the evidence that produces it, averaging each seed over278

all seven patterns of class arrival and using verified new-class labels so that screening errors are279

excluded. Two configurations lose the old classes, fine-tuning falling to 0.560±0.027 and FROZEN-280

HEAD reaching 0.655±0.048. Neither carries any description of the old classes into adaptation, and281

both forget accordingly.282

Both forms of replay restore old-class accuracy to comparable levels. GLOBAL reaches 0.909±0.048,283

LOCAL reaches 0.924±0.042, and DUAL reaches 0.931±0.035 with forgetting of 0.008±0.020. The284

three sit inside a band this experiment cannot resolve. The largest separation among them is 0.022,285

smaller than the 0.028 a single test record is worth, whereas each is separated from FROZENHEAD286

alone by 0.25 to 0.28, which is 9 test records or more. We therefore treat the three as equivalent in287

accuracy and separate them only by what they oblige a participant to disclose.288

The lower block of panel (a) places these results beside established continual-learning practice. Both289

reference methods restrain movement away from the previous solution and control that restraint290

with a single scalar, so sweeping it moves accuracy along a frontier rather than raising it. At their291

balanced operating points LWF reaches 0.707±0.039 old-class accuracy with 0.956±0.023 on the292

new conditions, and EWC reaches 0.809± 0.054 with 0.935± 0.042 (Appendix B). The replay293

configurations lie on neither frontier, with DUAL sustaining 0.931±0.035 and 0.905±0.041 at once.294

Both reference methods obtain higher new-class accuracy and markedly lower old-class accuracy,295
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Table 2: Accuracy by configuration, over 5 splits. Old-class accuracy is given separately for the
established sites and the joining site; the base session precedes the join and has no joining-site entry.
Forgetting is the drop in established-site old-class accuracy, computed on those sites alone. (a)
Controlled arrivals, averaged within each split over all seven arrival patterns; the lower block gives
the baselines at their best regularization weight. (b) The full autonomous procedure.

(a) Controlled arrivals, verified new-class labels

Configuration Old (est. sites) Old (joining) New classes Forgetting

Base session 0.939±0.023

FINETUNE 0.560±0.027 0.567±0.027 0.979±0.010 0.379±0.037
FROZENHEAD 0.655±0.048 0.658±0.045 0.979±0.013 0.284±0.060
GLOBAL 0.909±0.048 0.913±0.048 0.909±0.060 0.030±0.026
LOCAL 0.924±0.042 0.927±0.044 0.906±0.039 0.015±0.029
DUAL 0.931±0.035 0.933±0.035 0.905±0.041 0.008±0.020

LWF 0.707±0.039 0.716±0.037 0.956±0.023 0.232±0.042
EWC 0.809±0.054 0.812±0.054 0.935±0.042 0.130±0.041

(b) Full autonomous procedure

Configuration Old (est. sites) Old (joining) New classes Forgetting

Base session 0.931±0.025

FINETUNE 0.149±0.084 0.144±0.087 0.944±0.039 0.783±0.066
FROZENHEAD 0.311±0.170 0.311±0.161 0.956±0.025 0.620±0.170
GLOBAL 0.872±0.056 0.872±0.064 0.878±0.099 0.059±0.059
LOCAL 0.868±0.036 0.872±0.037 0.900±0.046 0.063±0.037
DUAL 0.889±0.055 0.889±0.068 0.889±0.039 0.043±0.042

so the difference lies in retention rather than plasticity, and supplying evidence about the old classes296

is not equivalent to restraining movement away from them.297

Replay also balances the two tasks more evenly. All three replay configurations keep old-class and298

new-class accuracy within 0.026 of one another, whereas every remaining entry in the table separates299

them by between 0.126 and 0.419. Appendix C varies the joining site’s data budget under LOCAL300

and finds the same balance sustained with 6 labeled records per arriving condition and 3 retained per301

old class.302

6.3 The procedure end to end303

Panel (b) of Table 2 chains every stage. The pool is screened, the flagged records are grouped, each304

group opens an output, and adaptation proceeds with no label consulted, so errors propagate into305

the new-class training set and, through pseudo-labeling, the old-class rehearsal buffer. A recovered306

group carries no name, so each is matched for reporting to the condition holding most of its mem-307

bers; in every split that match was one-to-one. Appendix D lists the grouping outcome of each308

split.309

After autonomous expansion, DUAL retains 0.889 ± 0.055 on the old classes while reaching310

0.889±0.039 on conditions it discovered without supervision, against 0.149±0.084 for fine-tuning.311

Retention is within a few points of the controlled setting despite the propagated errors, and the three312

replay configurations again fall inside one band, from 0.868±0.036 to 0.889±0.055. A rehearsal313

buffer assembled from predictions admits screening errors that prototypes computed before deploy-314

ment do not, which is a reason to expect the two to diverge here, and these runs do not show it.315

7 Selecting a configuration316

The margins in Section 6 do not support reading Table 1 as an ablation ladder. What separates the317

replay configurations in practice is not accuracy but permission, and the two options ask permission318

of different parties. GLOBAL needs the established sites to release MK class means and needs319

nothing of the joining site, whereas LOCAL asks the established sites for no class means, needing320

only the model and the screening constants they publish once, and asks the joining site to retain a321
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few of its own records. Neither requirement implies the other, and a deployment ordinarily finds one322

foreclosed. Where an organization may publish representation-level statistics but the joining site323

is bound by a retention policy, GLOBAL applies. Where the established sites will release no class324

means, the common position between separate legal entities, LOCAL reaches comparable accuracy325

from records that never leave the joining site, and DUAL applies where both disclosures are permit-326

ted. A configuration can therefore be chosen from the constraint that actually binds, with its cost327

known in advance.328

8 Limitations and future work329

A fixed and common feature space. The protocol assumes that every site measures the same330

quantities in the same way and that this does not change while the federation runs. A prototype331

is interpretable at another site only because both compute ϕθ from the same inputs with the same332

parameters, and the threshold is comparable across sites for the same reason. Re-instrumenting a333

line, replacing a sensor or altering a feature-extraction pipeline breaks that correspondence, and a334

site arriving with a partly different feature set cannot be admitted as the procedure stands. Aligning335

heterogeneous feature spaces before the shared representation is formed is the extension we would336

attempt first.337

Balanced classes and similar sites. Every class here contributes the same number of records and338

every site observes one process on one machine, so two pressures a real federation applies are absent.339

Rare conditions would arrive as a handful of records, moving the operating point of the screen, and340

sites differing by machine or operator would shift the representation the prototypes summarize.341

Scope of the study. The federation is assumed to share one classification task with a fixed label342

space, and the protocol expands that space once per joining site. Sites carrying related but distinct343

tasks, and longer sequences in which the process drifts between arrivals, lie outside what we mea-344

sure. Screening and grouping act on a representation and would carry over to other task families,345

whereas expansion is stated in terms of output units and would have to be restated for a regression346

or segmentation head, and the reported effect sizes are properties of one industrial instantiation.347

The reference methods are also compared as published, so neither receives the masking, freezing or348

retained records the replay configurations use. A fuller study would evaluate each stage against its349

own alternatives, screening, grouping and expansion in turn, and then assemble the strongest option350

at each stage into the autonomous procedure; that is the comparison we would run next.351

9 Conclusion352

We examined what a deployed federated model needs to absorb a site whose data are unlabeled353

and contain conditions no participant has observed. The protocol does this inside one shared rep-354

resentation, at the joining site, with no label consulted and no established site online. Containing355

forgetting requires evidence about the old classes inside the adaptation objective, and two dissimi-356

lar sources supply it at comparable accuracy, so a deployment can choose by disclosure rather than357

performance.358
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Sheller, Ronald M. Summers, Andrew Trask, Daguang Xu, Maximilian Baust, and M. Jorge Car-422

doso. The future of digital health with federated learning. npj Digital Medicine, 3(1):119, 2020. doi:423

10.1038/s41746-020-00323-1.424

[22] Walter J. Scheirer, Anderson de Rezende Rocha, Archana Sapkota, and Terrance E. Boult. Toward open425

set recognition. IEEE Transactions on Pattern Analysis and Machine Intelligence, 35(7):1757–1772,426

2013. doi: 10.1109/TPAMI.2012.256.427

[23] Lixu Wang, Chenxi Liu, Junfeng Guo, Jiahua Dong, Xiao Wang, Heng Huang, and Qi Zhu. Federated428

continual novel class learning, 2023. arXiv:2312.13500.429

[24] Qi-Wei Wang, Da-Wei Zhou, Yi-Kai Zhang, De-Chuan Zhan, and Han-Jia Ye. Few-shot class-incremental430

learning via training-free prototype calibration. In Advances in Neural Information Processing Systems,431

volume 36, 2023.432

[25] Zi Wang, Fei Wu, Feng Yu, Yurui Zhou, Jia Hu, and Geyong Min. Federated continual learning for433

edge-ai: A comprehensive survey, 2024. arXiv:2411.13740.434

[26] Jaehong Yoon, Wonyong Jeong, Giwoong Lee, Eunho Yang, and Sung Ju Hwang. Federated continual435

learning with weighted inter-client transfer. In Proceedings of the 38th International Conference on436

Machine Learning, volume 139 of PMLR, pages 12073–12086, 2021.437

[27] Jie Zhang, Chen Chen, Weiming Zhuang, and Lingjuan Lyu. TARGET: Federated class-continual learning438

via exemplar-free distillation. In Proceedings of the IEEE/CVF International Conference on Computer439

Vision, pages 4759–4770, 2023. doi: 10.1109/ICCV51070.2023.00441.440

[28] Jie Zhang, Xiaosong Ma, Song Guo, and Wenchao Xu. Towards unbiased training in federated open-world441

semi-supervised learning. In Proceedings of the 40th International Conference on Machine Learning,442

volume 202 of PMLR, pages 41498–41509, 2023.443

[29] Meilu Zhu, Jing Liao, Jun Liu, and Yixuan Yuan. FedOSS: Federated open set recognition via inter-444

client discrepancy and collaboration. IEEE Transactions on Medical Imaging, 43(1):190–202, 2024. doi:445

10.1109/TMI.2023.3294014.446

11



A Screening447

Screening is a supporting stage of the protocol, and the memory results do not depend on which448

detector supplies the candidate set. Table A1 compares the class-conditional reconstruction score449

against the two post-hoc scores that the joining site can compute from the shared model alone,450

the maximum softmax probability [10] and the energy score [15], neither of which needs a further451

statistic released by the established sites. All three are evaluated on the same 36 familiar and 72452

unfamiliar records over 5 seeds.453

Both classifier-confidence scores are weaker here, reaching 0.884±0.033 and 0.875±0.040 ROC-454

AUC against 0.941±0.018 for the reconstruction bank, which is consistent with a six-class softmax455

trained on 36 observations per site being poorly calibrated. The margins, 0.057 and 0.066, are larger456

than any separation among the memory configurations of Table 2, and the bank ranks ahead of the457

energy score on 5 of 5 splits and ahead of maximum softmax probability on 4 of 5. What the bank458

adds beyond the margin is a per-class account of why a record was flagged, since the errors of the459

individual experts are available alongside the decision.460

Table A1: Post-hoc screening scores on the joining site’s pool, over 5 seeds. Recall is measured
with each score thresholded at the 0.9 quantile of its own familiar-record scores, so all three operate
at the same acceptance rate, 0.89. Mean ± sample standard deviation.

Score ROC-AUC Average precision Recall

Maximum softmax probability 0.884±0.033 0.923±0.032 0.614±0.085
Energy score 0.875±0.040 0.932±0.020 0.636±0.095
Class-conditional reconstruction (ours) 0.941±0.018 0.950±0.034 0.872±0.057

B Reference-method sweeps461

Figure A1 reports the full regularization sweep for both reference methods, 12 weights for LWF462

spanning 0.05 to 200 and 6 for EWC spanning 108 to 1014, each averaged over 5 seeds. Both were463

extended until the harmonic mean of the two accuracies peaked and began to decline, so neither464

method is reported at an under-tuned setting; the rows in Table 2 correspond to weights 0.25 and465

1011. That balanced point favors the reference methods, which are the only entries in the table466

selected this way; our own configurations use a fixed prototype weight and are not swept.467

The sweep is presented rather than a single row because any choice of operating point is arguable,468

and the figure makes the comparison independent of that choice. The replay configurations sit above469

both sweeps at every weight. At comparable new-class accuracy they retain substantially more, and470

no setting of either weight reaches the region they occupy.471

C How much data the joining site needs472

Both kinds of evidence that adaptation consumes come from the joining site, namely the labeled473

records that define the arriving conditions and the records it retains for the old ones. Neither is474

plentiful at a site that has recently started operating, so the question a deployment asks is not how475

the protocol behaves at the budget used in Section 5 but how far that budget can be cut. We answer476

it in the LOCAL configuration, where no prototype is available and every training record therefore477

comes from the joining site, over a grid of 25 budgets: n from 1 to 6 labeled records per arriving478

condition, and b from 0 to 6 retained records per old class. All three conditions arrive at once, every479

other setting is that of Section 5, and each cell is averaged over 5 splits.480

Figure A2 reports the grid, and the two budgets separate along the two axes.481

Arriving-condition records buy plasticity. New-class accuracy, panel (b), is governed by n and482

is nearly flat in b. One labeled record per condition leaves it at 0.556±0.104 at the default b = 3,483

since a single point fixes an output unit without describing the region around it. Three records reach484

0.800±0.115 and six reach 0.900±0.046, so most of the plasticity the site needs is bought within485

the first handful of examples.486
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Figure A1: Regularization sweeps for the reference methods against the replay-based configurations,
5 seeds. Each curve traces one method as its regularization weight increases. Old-class accuracy is
bought with new-class accuracy along each sweep; the replay configurations lie on neither.
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Figure A2: Joining-site data budget under LOCAL, over 5 splits with all three conditions arriving at
once. n is the number of labeled records per arriving condition and b the number retained per old
class. (a) old-class accuracy over all participating sites and (b) new-class accuracy at the joining site
are the two quantities Table 2 reports; (c) is their harmonic mean, which is high only where both are.
The outlined block marks the region n ≥ 3, b ≥ 1 discussed in the text.

Retained records buy retention, and the first one does most of it. Old-class accuracy, panel (a),487

is governed by b. The b = 0 row is adaptation with no old-class evidence at all, and it is the only488

region of the grid where the model loses the old classes, averaging 0.513±0.209 across that row. It489

also degrades as n grows, falling to 0.253±0.083 at n = 6, which is the mechanism of Section 6490

seen directly: the more the site trains on the arriving conditions, the further the shared layers move491

and the less the preserved output map means. A single retained record per class lifts that column to492

0.876±0.053, a second reaches 0.910±0.060, and the rows above change little.493

The cheapest adequate budget. Panel (c) is high only where both accuracies are, and it shows a494

broad plateau rather than a single optimum. Every cell with n ≥ 3 and b ≥ 1 lies within 0.054 of the495

best cell in the grid, n = 6 with b = 3, at 0.917±0.065 on the old classes and 0.900±0.046 on the496

new ones. Outside that region one of the two gives way, the old classes at b = 0 and the new ones497

below n = 3. The budget the main experiments use is far larger, n = 24 and b = 3, and reaches498

0.889±0.059 and 0.978±0.030 under the same configuration and splits, so the largest cell in the499

grid is already above the full-pool budget on the old classes and below it on the new ones. Reducing500

the arriving-condition budget costs accuracy on the conditions the site is itself trying to learn and501
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returns a little on the classes the federation already served, which is the more forgiving of the two502

directions for a deployment to be wrong in. This is also the practical reading of the disclosure503

argument in Section 7. A retention policy that permits one or two records per old class, together504

with an operating history that has produced three examples of each new condition, is enough to505

admit the site.506

D Per-split grouping outcomes507

Table A2 reports the grouping stage for each of the 5 complete runs in Table 2(b). “Groups re-508

covered” is the number of conditions the clustering returned, and the partition agreement with the509

reference conditions varies across splits. “Unassigned” counts flagged records that DBSCAN left510

in no group; these are excluded from the new-class training set, which is why a run can recover the511

correct number of groups and still train on fewer records than it flagged.512

Table A2: Grouping outcomes for the complete runs. ARI is the adjusted Rand index between the
recovered partition and the reference conditions, computed on the assigned records.

Seed Groups recovered ARI Unassigned

7 3 0.764 12
11 3 0.507 9
42 3 0.734 11
123 3 0.679 13
314 3 0.667 9

E Reproducibility and compute513

Experiments ran with Python 3.11, TensorFlow 2.15.1 (Keras 2.15), NumPy 1.26.4, pandas 1.5.3,514

scikit-learn 1.3.2, and Matplotlib 3.7.5, on two CPU cores with no GPU. One complete chained run515

covering all configurations takes roughly ten minutes, one controlled sweep over the seven subsets516

about five, and one seed of the reference-method sweep about five, and one seed of the budget grid517

in Appendix C about six. We re-ran the base federated session after every environment change and518

obtained identical end-of-session accuracy, with later stages agreeing to within one test observation.519

Randomness is controlled for NumPy and TensorFlow operations. Reported variation is the sample520

standard deviation across independently seeded runs, used descriptively; we draw no inferential521

conclusion from it.522

The base classifier uses ReLU activations and a softmax output and is trained for 20 federated rounds523

with one local epoch per round, batch size four, and Adam at 10−3. Each denoising autoencoder524

has hidden width 64, latent width 32, Gaussian input noise of standard deviation 0.02, and ℓ2 coef-525

ficient 10−4, trained for 30 federated rounds with two local epochs. Grouping uses four principal526

components, and DBSCAN six minimum neighbors with a radius at the 60th percentile of empirical527

nearest-neighbor distances. Adaptation runs at batch size four and learning rate 10−3.528
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F Notation529

Symbol Meaning

M , K number of established sites; number of old classes
R number of new conditions recovered and added as outputs
U unlabeled pool held by the joining site
ϕθ(x) early-layer activation, shared by all stages
gc, ec(x) reconstruction expert for class c; its squared error
sc scale of expert c, its median error on its own class
S(x) screening score, minc ec(x)/sc
τ , q federated threshold; detection quantile
pm,c prototype of class c at established site m
b local rehearsal records kept per old class
λp weight on the prototype replay loss
A0

old, Aold old-class accuracy before and after integration
Anew new-class accuracy after integration
Fold forgetting, A0

old −Aold
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NeurIPS Paper Checklist530

1. Claims531

Question: Do the main claims made in the abstract and introduction accurately reflect the532

paper’s contributions and scope?533

Answer: [Yes]534

Justification: The abstract and Section 1 state the late-joining setting, the information as-535

sumptions, the screen, group and adapt protocol, and the complementary-memory claim,536

without claiming formal privacy.537

Guidelines:538

• The answer [N/A] means that the abstract and introduction do not include the claims539

made in the paper.540

• The abstract and/or introduction should clearly state the claims made, including the541

contributions made in the paper and important assumptions and limitations. A [No] or542

[N/A] answer to this question will not be perceived well by the reviewers.543

• The claims made should match theoretical and experimental results, and reflect how544

much the results can be expected to generalize to other settings.545

• It is fine to include aspirational goals as motivation as long as it is clear that these546

goals are not attained by the paper.547

2. Limitations548

Question: Does the paper discuss the limitations of the work performed by the authors?549

Answer: [Yes]550

Justification: Section 8 discusses the assumption of a fixed and common feature space,551

class balance and site homogeneity, the single classification task and single incremental552

session, local-only adaptation, and the single instantiation. Appendix D reports the group-553

ing outcome of every split.554

Guidelines:555

• The answer [N/A] means that the paper has no limitation while the answer [No] means556

that the paper has limitations, but those are not discussed in the paper.557

• The authors are encouraged to create a separate “Limitations” section in their paper.558

• The paper should point out any strong assumptions and how robust the results are to559

violations of these assumptions (e.g., independence assumptions, noiseless settings,560

model well-specification, asymptotic approximations only holding locally). The au-561

thors should reflect on how these assumptions might be violated in practice and what562

the implications would be.563

• The authors should reflect on the scope of the claims made, e.g., if the approach was564

only tested on a few datasets or with a few runs. In general, empirical results often565

depend on implicit assumptions, which should be articulated.566

• The authors should reflect on the factors that influence the performance of the ap-567

proach. For example, a facial recognition algorithm may perform poorly when image568

resolution is low or images are taken in low lighting. Or a speech-to-text system might569

not be used reliably to provide closed captions for online lectures because it fails to570

handle technical jargon.571

• The authors should discuss the computational efficiency of the proposed algorithms572

and how they scale with dataset size.573

• If applicable, the authors should discuss possible limitations of their approach to ad-574

dress problems of privacy and fairness.575

• While the authors might fear that complete honesty about limitations might be used by576

reviewers as grounds for rejection, a worse outcome might be that reviewers discover577

limitations that aren’t acknowledged in the paper. The authors should use their best578

judgment and recognize that individual actions in favor of transparency play an impor-579

tant role in developing norms that preserve the integrity of the community. Reviewers580

will be specifically instructed to not penalize honesty concerning limitations.581

3. Theory assumptions and proofs582
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Question: For each theoretical result, does the paper provide the full set of assumptions and583

a complete (and correct) proof?584

Answer: [N/A]585

Justification: The paper is empirical and does not present theoretical results or formal586

proofs.587

Guidelines:588

• The answer [N/A] means that the paper does not include theoretical results.589

• All the theorems, formulas, and proofs in the paper should be numbered and cross-590

referenced.591

• All assumptions should be clearly stated or referenced in the statement of any theo-592

rems.593

• The proofs can either appear in the main paper or the supplemental material, but if594

they appear in the supplemental material, the authors are encouraged to provide a595

short proof sketch to provide intuition.596

• Inversely, any informal proof provided in the core of the paper should be comple-597

mented by formal proofs provided in appendix or supplemental material.598

• Theorems and Lemmas that the proof relies upon should be properly referenced.599

4. Experimental result reproducibility600

Question: Does the paper fully disclose all the information needed to reproduce the main601

experimental results of the paper to the extent that it affects the main claims and/or conclu-602

sions of the paper (regardless of whether the code and data are provided or not)?603

Answer: [Yes]604

Justification: Sections 4 and 5, together with Appendix E, specify the data split, architec-605

tures, optimization, seeds, and evaluation protocol.606

Guidelines:607

• The answer [N/A] means that the paper does not include experiments.608

• If the paper includes experiments, a [No] answer to this question will not be per-609

ceived well by the reviewers: Making the paper reproducible is important, regardless610

of whether the code and data are provided or not.611

• If the contribution is a dataset and/or model, the authors should describe the steps612

taken to make their results reproducible or verifiable.613

• Depending on the contribution, reproducibility can be accomplished in various ways.614

For example, if the contribution is a novel architecture, describing the architecture615

fully might suffice, or if the contribution is a specific model and empirical evaluation,616

it may be necessary to either make it possible for others to replicate the model with617

the same dataset, or provide access to the model. In general. releasing code and data618

is often one good way to accomplish this, but reproducibility can also be provided via619

detailed instructions for how to replicate the results, access to a hosted model (e.g., in620

the case of a large language model), releasing of a model checkpoint, or other means621

that are appropriate to the research performed.622

• While NeurIPS does not require releasing code, the conference does require all sub-623

missions to provide some reasonable avenue for reproducibility, which may depend624

on the nature of the contribution. For example625

(a) If the contribution is primarily a new algorithm, the paper should make it clear626

how to reproduce that algorithm.627

(b) If the contribution is primarily a new model architecture, the paper should describe628

the architecture clearly and fully.629

(c) If the contribution is a new model (e.g., a large language model), then there should630

either be a way to access this model for reproducing the results or a way to re-631

produce the model (e.g., with an open-source dataset or instructions for how to632

construct the dataset).633

(d) We recognize that reproducibility may be tricky in some cases, in which case au-634

thors are welcome to describe the particular way they provide for reproducibility.635

In the case of closed-source models, it may be that access to the model is limited in636
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some way (e.g., to registered users), but it should be possible for other researchers637

to have some path to reproducing or verifying the results.638

5. Open access to data and code639

Question: Does the paper provide open access to the data and code, with sufficient instruc-640

tions to faithfully reproduce the main experimental results, as described in supplemental641

material?642

Answer: [No]643

Justification: The complete implementation and commands are prepared for anonymized644

supplementary submission, but no public anonymous repository is claimed in the paper.645

Guidelines:646

• The answer [N/A] means that paper does not include experiments requiring code.647

• Please see the NeurIPS code and data submission guidelines (https://neurips.648

cc/public/guides/CodeSubmissionPolicy) for more details.649

• While we encourage the release of code and data, we understand that this might not650

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not651

including code, unless this is central to the contribution (e.g., for a new open-source652

benchmark).653

• The instructions should contain the exact command and environment needed to run to654

reproduce the results. See the NeurIPS code and data submission guidelines (https:655

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.656

• The authors should provide instructions on data access and preparation, including how657

to access the raw data, preprocessed data, intermediate data, and generated data, etc.658

• The authors should provide scripts to reproduce all experimental results for the new659

proposed method and baselines. If only a subset of experiments are reproducible, they660

should state which ones are omitted from the script and why.661

• At submission time, to preserve anonymity, the authors should release anonymized662

versions (if applicable).663

• Providing as much information as possible in supplemental material (appended to the664

paper) is recommended, but including URLs to data and code is permitted.665

6. Experimental setting/details666

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-667

rameters, how they were chosen, type of optimizer) necessary to understand the results?668

Answer: [Yes]669

Justification: Section 5 reports the split, architecture, optimizer, rounds, batch sizes, de-670

tector, clustering, and memory configurations, and Appendix C varies the joining-site data671

budget.672

Guidelines:673

• The answer [N/A] means that the paper does not include experiments.674

• The experimental setting should be presented in the core of the paper to a level of675

detail that is necessary to appreciate the results and make sense of them.676

• The full details can be provided either with the code, in appendix, or as supplemental677

material.678

7. Experiment statistical significance679

Question: Does the paper report error bars suitably and correctly defined or other appropri-680

ate information about the statistical significance of the experiments?681

Answer: [Yes]682

Justification: Every table reports the mean and sample standard deviation over indepen-683

dently seeded data splits and training runs. We report no significance test, and instead quote684

every separation against the resolution of the test set, which Section 5 states; Appendix E685

states that the spreads themselves are descriptive.686

Guidelines:687
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• The answer [N/A] means that the paper does not include experiments.688

• The authors should answer [Yes] if the results are accompanied by error bars, confi-689

dence intervals, or statistical significance tests, at least for the experiments that support690

the main claims of the paper.691

• The factors of variability that the error bars are capturing should be clearly stated (for692

example, train/test split, initialization, random drawing of some parameter, or overall693

run with given experimental conditions).694

• The method for calculating the error bars should be explained (closed form formula,695

call to a library function, bootstrap, etc.)696

• The assumptions made should be given (e.g., Normally distributed errors).697

• It should be clear whether the error bar is the standard deviation or the standard error698

of the mean.699

• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-700

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of701

Normality of errors is not verified.702

• For asymmetric distributions, the authors should be careful not to show in tables or fig-703

ures symmetric error bars that would yield results that are out of range (e.g., negative704

error rates).705

• If error bars are reported in tables or plots, the authors should explain in the text how706

they were calculated and reference the corresponding figures or tables in the text.707

8. Experiments compute resources708

Question: For each experiment, does the paper provide sufficient information on the com-709

puter resources (type of compute workers, memory, time of execution) needed to reproduce710

the experiments?711

Answer: [Yes]712

Justification: Appendix E gives the processor count, software versions, absence of a dis-713

crete GPU, and observed run time per experiment.714

Guidelines:715

• The answer [N/A] means that the paper does not include experiments.716

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,717

or cloud provider, including relevant memory and storage.718

• The paper should provide the amount of compute required for each of the individual719

experimental runs as well as estimate the total compute.720

• The paper should disclose whether the full research project required more compute721

than the experiments reported in the paper (e.g., preliminary or failed experiments722

that didn’t make it into the paper).723

9. Code of ethics724

Question: Does the research conducted in the paper conform, in every respect, with the725

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?726

Answer: [Yes]727

Justification: The study uses non-human industrial process measurements, reports limita-728

tions and possible deployment harms, and makes no unsupported privacy claim.729

Guidelines:730

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of731

Ethics.732

• If the authors answer [No], they should explain the special circumstances that require733

a deviation from the Code of Ethics.734

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-735

eration due to laws or regulations in their jurisdiction).736

10. Broader impacts737

Question: Does the paper discuss both potential positive societal impacts and negative738

societal impacts of the work performed?739
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Answer: [Yes]740

Justification: Section 8 states the assumptions a deployment would have to check before741

relying on the procedure, and Appendix C reports how little data the joining site needs,742

which bears on whether a site can adopt it at all.743

Guidelines:744

• The answer [N/A] means that there is no societal impact of the work performed.745

• If the authors answer [N/A] or [No], they should explain why their work has no soci-746

etal impact or why the paper does not address societal impact.747

• Examples of negative societal impacts include potential malicious or unintended uses748

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations749

(e.g., deployment of technologies that could make decisions that unfairly impact spe-750

cific groups), privacy considerations, and security considerations.751

• The conference expects that many papers will be foundational research and not tied752

to particular applications, let alone deployments. However, if there is a direct path to753

any negative applications, the authors should point it out. For example, it is legitimate754

to point out that an improvement in the quality of generative models could be used to755

generate Deepfakes for disinformation. On the other hand, it is not needed to point out756

that a generic algorithm for optimizing neural networks could enable people to train757

models that generate Deepfakes faster.758

• The authors should consider possible harms that could arise when the technology is759

being used as intended and functioning correctly, harms that could arise when the760

technology is being used as intended but gives incorrect results, and harms following761

from (intentional or unintentional) misuse of the technology.762

• If there are negative societal impacts, the authors could also discuss possible mitiga-763

tion strategies (e.g., gated release of models, providing defenses in addition to attacks,764

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from765

feedback over time, improving the efficiency and accessibility of ML).766

11. Safeguards767

Question: Does the paper describe safeguards that have been put in place for responsible768

release of data or models that have a high risk for misuse (e.g., pre-trained language models,769

image generators, or scraped datasets)?770

Answer: [N/A]771

Justification: The work does not release a high-risk generative model, scraped dataset, or772

model intended for dual-use applications.773

Guidelines:774

• The answer [N/A] means that the paper poses no such risks.775

• Released models that have a high risk for misuse or dual-use should be released with776

necessary safeguards to allow for controlled use of the model, for example by re-777

quiring that users adhere to usage guidelines or restrictions to access the model or778

implementing safety filters.779

• Datasets that have been scraped from the Internet could pose safety risks. The authors780

should describe how they avoided releasing unsafe images.781

• We recognize that providing effective safeguards is challenging, and many papers do782

not require this, but we encourage authors to take this into account and make a best783

faith effort.784

12. Licenses for existing assets785

Question: Are the creators or original owners of assets (e.g., code, data, models), used in786

the paper, properly credited and are the license and terms of use explicitly mentioned and787

properly respected?788

Answer: [No]789

Justification: The originating ultrasonic-welding study is cited, but a public license for the790

research dataset is not available; the data are therefore not redistributed by this paper.791

Guidelines:792
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• The answer [N/A] means that the paper does not use existing assets.793

• The authors should cite the original paper that produced the code package or dataset.794

• The authors should state which version of the asset is used and, if possible, include a795

URL.796

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.797

• For scraped data from a particular source (e.g., website), the copyright and terms of798

service of that source should be provided.799

• If assets are released, the license, copyright information, and terms of use in the pack-800

age should be provided. For popular datasets, paperswithcode.com/datasets has801

curated licenses for some datasets. Their licensing guide can help determine the li-802

cense of a dataset.803

• For existing datasets that are re-packaged, both the original license and the license of804

the derived asset (if it has changed) should be provided.805

• If this information is not available online, the authors are encouraged to reach out to806

the asset’s creators.807

13. New assets808

Question: Are new assets introduced in the paper well documented and is the documenta-809

tion provided alongside the assets?810

Answer: [N/A]811

Justification: The submission does not introduce a new public dataset, pretrained model, or812

benchmark asset.813

Guidelines:814

• The answer [N/A] means that the paper does not release new assets.815

• Researchers should communicate the details of the dataset/code/model as part of their816

submissions via structured templates. This includes details about training, license,817

limitations, etc.818

• The paper should discuss whether and how consent was obtained from people whose819

asset is used.820

• At submission time, remember to anonymize your assets (if applicable). You can821

either create an anonymized URL or include an anonymized zip file.822

14. Crowdsourcing and research with human subjects823

Question: For crowdsourcing experiments and research with human subjects, does the pa-824

per include the full text of instructions given to participants and screenshots, if applicable,825

as well as details about compensation (if any)?826

Answer: [N/A]827

Justification: The research involves neither crowdsourcing nor human subjects.828

Guidelines:829

• The answer [N/A] means that the paper does not involve crowdsourcing nor research830

with human subjects.831

• Including this information in the supplemental material is fine, but if the main contri-832

bution of the paper involves human subjects, then as much detail as possible should833

be included in the main paper.834

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-835

tion, or other labor should be paid at least the minimum wage in the country of the836

data collector.837

15. Institutional review board (IRB) approvals or equivalent for research with human838

subjects839

Question: Does the paper describe potential risks incurred by study participants, whether840

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)841

approvals (or an equivalent approval/review based on the requirements of your country or842

institution) were obtained?843

Answer: [N/A]844

21

paperswithcode.com/datasets


Justification: The research uses machine-process measurements and includes no human845

participants.846

Guidelines:847

• The answer [N/A] means that the paper does not involve crowdsourcing nor research848

with human subjects.849

• Depending on the country in which research is conducted, IRB approval (or equiva-850

lent) may be required for any human subjects research. If you obtained IRB approval,851

you should clearly state this in the paper.852

• We recognize that the procedures for this may vary significantly between institutions853

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the854

guidelines for their institution.855

• For initial submissions, do not include any information that would break anonymity856

(if applicable), such as the institution conducting the review.857

16. Declaration of LLM usage858

Question: Does the paper describe the usage of LLMs if it is an important, original, or859

non-standard component of the core methods in this research? Note that if the LLM is used860

only for writing, editing, or formatting purposes and does not impact the core methodology,861

scientific rigor, or originality of the research, declaration is not required.862

Answer: [N/A]863

Justification: No LLM is a component of the proposed method, experiments, or scientific864

evaluation.865

Guidelines:866

• The answer [N/A] means that the core method development in this research does not867

involve LLMs as any important, original, or non-standard components.868

• Please refer to our LLM policy in the NeurIPS handbook for what should or should869

not be described.870
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