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Abstract. In industrial environments, new product categories arrive se-
quentially, requiring continual anomaly detection without access to past
data. Normalizing Flows (NFs) provide exact density estimation but suf-
fer from catastrophic forgetting as parameter updates across tasks dis-
tort the density manifold. While parameter isolation can prevent inter-
ference, it must preserve the strict invertibility and Jacobian validity
of NFs. To satisfy these requirements, we exploit the inherent property
that affine coupling layers maintain transformation validity regardless of
subnet parameterization. Based on this, we propose DeCoFlow, which de-
composes subnets into a frozen universal base and task-specific low-rank
adapters to isolate updates. We further introduce Task-Specific Align-
ment, Auxiliary Coupling Layers, and Tail-Aware Loss to compensate
for frozen-base rigidity. DeCoFlow achieves state-of-the-art image-level
AUROCS of 98.40% on MVTec-AD and 93.00% on VisA, while maintain-
ing parameter-level zero forgetting (0.00% FM under correct routing)
with only 2.27M parameters per task.

Keywords: Continual Anomaly Detection - Anomaly Detection - Con-
tinual Learning - Normalizing Flows - Parameter-Efficient Fine-Tuning
- Parameter Isolation

1 Introduction

In industrial manufacturing, product lines evolve over time, requiring anomaly
detectors to accommodate new classes sequentially. Recent anomaly detection
has moved from one-class to multi-class settings [36,8%], yet most methods as-
sume a static data distribution, whereas practical manufacturing requires learn-
ing tasks sequentially under storage and privacy constraints [4], forcing models
to learn without past data and leading to catastrophic forgetting [,23].
Normalizing Flows (NFs) have emerged as a powerful baseline because they
provide exact density estimation and naturally avoid the identity mapping prob-
lem of reconstruction-based methods. However, extending NFs to continual learn-
ing is challenging as catastrophic forgetting is significantly more pronounced in

* Code is available at https://github.com/crimama/DeCoFlou.
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density-estimation models. Unlike classification models that only need to pre-
serve decision boundaries, NFs rely on maintaining the entire density manifold
to score anomalies; even minor parameter interference during sequential updates
can thus severely distort the learned density [14].

Because most existing CL methods [0, 6] were designed for discriminative
tasks, applying them to NFs reveals a fundamental dilemma. Replay methods
mitigate forgetting but introduce fidelity limitations that degrade the precise
density estimation required by NFs [B0]. Parameter-isolation methods prevent
interference but lead to linear model growth [28]. Although parameter-efficient
fine-tuning (PEFT) techniques like LoRA offer a scalable alternative [I°7, 26|,
applying them directly to NFs is constrained by the strict invertibility and exact
Jacobian requirements of flow models [G].

To address this, we exploit a structural property of coupling-based NFs: trans-
formation validity is preserved regardless of subnet parameterization. Based on
this insight, we propose DeCoFlow, a framework that decomposes each scale/shift
subnet into a frozen universal base and learnable task-specific low-rank resid-
uals [6]. This subnet-level decomposition preserves invertibility and Jacobian
validity (Sec. B) while enabling task-wise adapter isolation. To compensate for
frozen-base rigidity, we introduce Task-Specific Alignment (T'SA), Auxiliary Cou-
pling Layers (ACL), and Tail-Aware Loss (TAL) (Sec. @). Our main contributions

are:

— Structural Design Principle: We establish that subnet independence in
coupling-based NFs enables parameter isolation for continual learning, em-
pirically confirming this architectural specificity through cross-architecture
comparisons.

— DeCoFlow Framework: We propose DeCoFlow, decomposing each cou-
pling subnet into a frozen universal base and task-specific low-rank adapters,
achieving parameter-level zero forgetting under correct routing with 2.5%
(2.27M) overhead per task.

— Frozen-Regime Compensators: To mitigate frozen-base rigidity, we in-
troduce TSA for input alignment, ACL for residual correction, and TAL
for capacity redistribution, validating their synergy through factorial and
block-wise analysis.

2 Related Work

2.1 Deep Anomaly Detection

Recent anomaly detection has transitioned to the Unified AD paradigm, covering
multiple classes with a single model [36,8%]. However, existing reconstruction-
based methods are vulnerable to the identity mapping problem, where even
anomalous data is reconstructed. In contrast, Normalizing Flows (NFs) struc-
turally avoid this through direct likelihood optimization and have demonstrated
strong performance [37,89]. While recent methods introduce GMMs [B5] or vec-
tor quantization [d0] for multi-class modeling, their fixed capacity limits adapta-
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tion to evolving data. Continual learning is thus essential for dynamic industrial
environments.

2.2 Continual Learning

Continual learning methods for mitigating catastrophic forgetting [ia, 23] fall
into three categories: regularization (EWC [i0l], MAS [i]), replay (GEM [21],
DGR [B0]), and architecture-based isolation including neuron masking [22, 29]
and PEFT such as LoRA [d]. Among these, LoRA-based methods have gained
prominence for structurally preventing parameter interference. Recent exten-
sions include MoE-based routing (GainLoRA [I7], MINGLE [26]), geometric con-
straints (AnaCP [24], CaLoRA [33]), and dynamic subspace allocation (CoSO [3]).
However, these techniques target discriminative decision boundaries, and cannot
be directly applied to density-based models without risking likelihood manifold
collapse.

2.3 Continual Learning in Anomaly Detection

Continual anomaly detection methods extend the aforementioned CL paradigms.
Replay-based approaches mitigate forgetting by retaining past data or gener-
ating synthetic samples, utilizing techniques like incremental coresets [34] or
diffusion replay [i0]. However, their effectiveness is strictly bounded by memory
budgets and replay fidelity. Meanwhile, constraint-driven methods [I2,25] sta-
bilize model updates to reduce forgetting, but inevitably suffer from the inherent
stability-plasticity dilemma when learning new tasks. Dynamic architecture
methods mitigate interference through structural changes. Parameter-isolation
designs [12,28] scale linearly with the number of tasks, whereas prompt-based
variants [, 1] remain overly sensitive to prompt quality. None of these ap-
proaches exploits the inherent structural properties of NFs for safe parameter
isolation.

3 Structural Basis for Parameter Isolation

The structural basis for parameter isolation in our framework lies in the architec-
tural independence of affine coupling layers. We exploit this property to decom-
pose the subnets within Normalizing Flows (NFs). This approach is rooted in the
mathematical guarantee that the coupling mechanism preserves invertibility and
exact Jacobian computation regardless of its internal subnet architecture [G].

The key rationale is that coupling layer invertibility is guaranteed by the
external structure of input splitting and recombination. When input z is split
into (z1,22), the forward transformation is:

Y1 =121, Yy2=2@exp(s(z1)) +t(z1), (1)
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Table 1: Cross-architecture comparison under the same frozen base + LoRA strategy.

Architecture Decomp. Level I-AUC (%) P-AP (%) FM (%p)
NF (DeCoFlow) Coupling-level 98.47 58.57 0.00
NF (Feature-level) Feature-level 50.00 4.15 0.00
Autoencoder Decoder LoRA 68.15 20.52 0.00
VAE Decoder LoRA 65.25 18.14 0.04
Teacher-Student  Student LoRA 62.03 15.34 18.98

where s,t : R¥2 — R%2 are the scale and shift subnets. Since y; = z;, the
inverse is derived without s=! or ¢~ !:

z1 =y1, 2= (y2—t(y1)) @exp(s(y1)). (2)

The lower-triangular Jacobian structure yields log | det J¢(z)| = ), si(z1), which
depends solely on the outputs of the scale function s. This structural indepen-
dence, ensuring both invertibility and exact likelihood computation regardless
of the internal architecture, is formalized as follows:

Proposition 1 (Subnet-Independent Validity [6]). For the affine coupling
transformation f : R® — R? defined by Eq. (I), for any differentiable functions
s, t: RY/2 5 R4/2.

(i) [ is always invertible regardless of the subnet architecture of s and t;
(7t) log|detJ¢(z)| = >, si(z1), where the log-det computation formula itself is
independent of t and of the internal architecture of s.

Since flow validity depends only on subnet outputs, the internal weights can
be restructured to accommodate continual learning. We exploit this by decom-
posing each subnet into a shared base and a task-specific low-rank adapter:

Corollary 1 (Parameter-Level Forgetting Prevention under Correct
Routing). Let each subnet be decomposed as (z) = Wpase(2; Obase) +0U,(2; Ab;)
for 1 € {s,t}, where Opase is frozen after Task 0, and each task-specific adapter
AB- is stored independently. When adapter A0, is loaded at inference, the flow
output is identical to the state at the completion of task T’ training.

This decomposition eliminates parameter-induced forgetting by isolating task-
specific updates.

To verify this property is unique to coupling-based NFs, we apply the same
frozen+LoRA strategy to other anomaly detection architectures (Tab. ). AE
and VAE yield suboptimal 65-68% I-AUC because freezing disrupts their encoder-
decoder correspondence, while the Teacher-Student architecture suffers from an
18.98% forgetting rate due to shared encoder updates. Even within NFs, feature-
level adaptation causes manifold collapse (I-AUC 50.00%), as the frozen density
mapping cannot accommodate the shifted distribution. Only coupling-level de-
composition achieves FM=0.00% with competitive detection, confirming that
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subnet independence makes coupling NFs inherently suited for density-based
continual learning.

However, a permanently frozen base restricts representational flexibility, bi-
asing the model toward initial task statistics. To overcome this rigidity, the
following section introduces compensatory mechanisms within the DeCoFlow
framework.

4 Proposed Method: DeCoFlow

4.1 Problem Formulation

Continual Anomaly Detection addresses T tasks, D = {Dy,...,Dr_1} arriving
sequentially. Each task D, contains only normal samples and prior data Dg.,_1
is inaccessible. We follow the Class-Incremental Learning (CIL) scenario, where
Task IDs are unavailable at inference. The NF parameters are denoted as 6 =
{Obase, {AGT,d)T}Z;Ol}, with A, as task-specific LoRA parameters and ¢, =
{Vr,Br,0acL,-} as auxiliary adaptation parameters (TSA and ACL). For each
task 7 > 1, Opase is frozen and only A6, ¢, are optimized.

4.2 Framework Overview

DeCoFlow (Fig. M) achieves robust continual anomaly detection by coupling
structural isolation with compensatory modules. At its core, the Decomposed
Coupling Layer (DCL) partitions subnets into a frozen base and task-specific
adapters to eliminate parameter interference. To mitigate frozen-base rigidity,
we integrate three components: Task-Specific Alignment (TSA) for input cali-
bration, Auxiliary Coupling Layers (ACL) for residual density correction, and
Tail-Aware Loss (TAL) for enhanced learning on challenging samples. During in-
ference, a prototype-based routing mechanism identifies the appropriate adapter
via Mahalanobis distance, enabling task-agnostic anomaly detection in a single
forward pass.

4.3 Feature Extraction and Preprocessing

Multi-scale features from a pre-trained backbone are aggregated into unified
patch representations F € RIBIXH*WxD [p7] Unlike previous methods employ-
ing separate NFs per scale [8,87], DeCoFlow processes these integrated features
through a single NF, minimizing parameter overhead to one LoRA adapter per
task. The backbone remains frozen, and we incorporate 2D sinusoidal positional
encodings to preserve essential spatial context within the patch grid.
Task-Specific Alignment (TSA) The NF base weights, frozen after Task
0 (Sec. B), remain biased toward initial task statistics, potentially making subse-
quent inputs appear out-of-distribution. TSA mitigates this shift by standardiz-
ing patch features via LayerNorm followed by a task-specific affine transforma-

tion (v, Br):
FT:’YTQJCLN‘FﬁT- 3)
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Stage 2: TSA Stage 4 : Objective Function &
Anomaly Scoring

Tail-Aware Loss

Anomaly Heatmap

Fig. 1: Overall pipeline of DeCoFlow. Top: The sequential flow of multi-scale features
through the frozen backbone, TSA calibration, and the Normalizing Flow stages. Mid-
dle: Detailed structural views of (A) the affine coupling process, (B) the scale subnet
architecture with spatial context, and (C) the parallel Whase + AW decomposition in
DCL. Bottom: The training timeline where the base is frozen after Task 0 to enable
sequential adapter-only updates for subsequent tasks.

The parameters 7, and (3, are constrained by sigmoid and tanh activations,
respectively, to ensure stable and bounded outputs. Notably, TSA serves as an
external preprocessing step rather than an inherent flow component. Because the
NF treats F, as a static input, LayerNorm statistics (E[F], Var[F]) do not im-
pact the log-determinant, thus preserving the coupling layers’ original Jacobian
structure.

4.4 Decomposed Coupling Layer

DCL serves as the core building block of DeCoFlow. By partitioning each cou-
pling subnet into a frozen shared base and a task-specific adapter, it composes
the subnets as the sum of these components, following the principles established
in Sec. B.

Internal Subnet Structure Each subnet ¢ € {s,t¢} is decomposed into a
frozen base and a task-specific adapter via an additive mapping:

¢(Z) = wbase(m ebase) + 6¢T (Z; A@T)’ (4)

shared across tasks task-specific

where the adapter d¢, is implemented via LoRA [9] with zero-initialized B..
This ensures that each task initially inherits the frozen base distribution. Per
Proposition O, this decomposition preserves invertibility and Jacobian computa-
tion, as they remain invariant to the internal architecture of .

Asymmetric Design with Context Injection While standard NFs typi-
cally employ symmetric architectures for both subnets, we adopt an asymmetric
configuration to better align with their distinct roles in density-based anomaly
detection. Specifically, the scale function (s) is responsible for localized defect
capture through volume change, whereas the shift function (¢) handles global
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distribution translation. This functional distinction motivates the following dif-
ferentiated structures:

s([z; c]) = Sbase([2; €]) + 05, ([z; C]). (5)

Conversely, to ensure stable translation and noise robustness, ¢ operates strictly
on z without external context:

t(z) = thase(2) + 0t,(2). (6)

To aggregate neighborhood information, ¢ is computed by applying a 3 X
3 depthwise convolution on the spatially-reshaped 2D patch grid, followed by
flattening the result back to 1D. The spatial context is further modulated by
a learned gate 17 = Nmax 0(0.), which is frozen after Task 0 to ensure that the
spatial augmentation remains consistent across all subsequent tasks.

Continual Learning Protocol In Task 0, 6p.s. and Afy are jointly trained,
after which the base is permanently frozen. For 7 > 1, only LoRA A#, and TSA
¢, are optimized, with B, zero-initialized. This freezing strategy is justified by
a high inter-task gradient cosine similarity of 0.78 (Tab. Bc), indicating that the
learned base features are sufficiently task-invariant.

4.5 Auxiliary Coupling Layers (ACL)

Due to the structural constraint of affine coupling—where only half of the di-
mensions are transformed per step—complete cross-dimensional decorrelation
is not inherently guaranteed. This is further compounded by the low-rank na-
ture of LoRA, which restricts statistical adjustments to a rank-r subspace and
may prevent full-rank correction across all dimensions. Consequently, residual
correlations can accumulate through the DCL stack, a phenomenon empirically
analyzed in Sec. 54 (Fig. Bb). To bridge this statistical gap, we introduce Aux-
iliary Coupling Layers (ACL) to provide additional residual density correction.

Auxiliary Coupling Layers (ACL) are a small number of affine coupling layers
appended after the DCLs to compensate for these residual statistical discrepan-
cies:

Zout = gACL,T(ZDCL; 9ACL,T)~ (7)
To bridge the remaining statistical gap, each task is assigned independent ACL
parameters Oacr,-, as residual correlations are inherently task-specific. Each
ACL subnet is implemented as a two-layer MLP with a hidden dimension dpijgqen =
| D/2]. Crucially, the output layer is zero-initialized so that the module initially
acts as an identity function. This allows ACL to introduce progressive statistical
corrections without perturbing the density transformation already established
by the DCL stack.

While adding ACL entails parameter overhead, it remains far more efficient
than allocating independent networks for each task. Crucially, the statistical nor-
malization in ACL is structurally complementary to DCL’s nonlinear mapping,
such that its role cannot be substituted by merely increasing the number of DCL
blocks. Detailed analyses of this efficiency and modular synergy are provided in
Sec. B4
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4.6 Training Objective: Tail-Aware Loss (TAL)

DeCoFlow is trained by minimizing the Negative Log-Likelihood (NLL) derived
from the change-of-variables formula:

Lyi = —logpz(z) —log|det J;(x)| = 3]|z]|* —log|det J(x)],  (8)

where z = f(x) is the latent output and pz = N(0,1) is the standard Gaussian
prior (constant omitted). However, standard NLL optimization often prioritizes
dominant high-likelihood modes, causing limited adapter capacity to be over-
allocated to the distribution center. This results in underfitting low-density tail
regions, which are critical for distinguishing normal samples from anomalies.

To mitigate this capacity imbalance, we introduce Tail-Aware Loss (TAL),
drawing inspiration from hard-example mining techniques such as OHEM [31]
and Focal Loss [IR]. TAL reweights high-loss patches to redirect the constrained
representational capacity of LoRA subnets toward under-represented tail distri-
butions:

Lrar = (1 — w)Egep[lin ()] + wEgpex[Cniw ()], 9)

where w is the tail weight ratio, B is the full batch, and K denotes the set of
top-k highest NLL-loss patches with k = [|B|HW - ryan|. We set w = 0.85 for
MVTec-AD, w = 0.8 for VisA, and r,; = 0.02. These parameters remain fixed
across all tasks as the tail ratio of normal distributions is empirically stable,
while dynamic adjustment remains a subject for future work.

Since TAL amplifies gradients on tail patches, scale function outputs can
lead to uncontrolled volume expansion. To ensure numerical stability and stable
density estimation on the frozen base, we introduce an ¢y regularization term on
the log-Jacobian determinant. The final objective is defined as:

Lrotal = LaL + Areg [[log | det I 4(2)] 5, (10)

where A\ = 1074 serves to constrain the Jacobian magnitude.

4.7 Task Routing and Inference

Prototype-Based Task Routing To identify the appropriate task-specific
adapter without auxiliary networks, we employ prototype-based matching. For
each task 7, a prototype is defined by the mean u, and covariance X of normal
feature statistics computed from the training set. At inference, the routing mech-
anism selects the optimal task index 7* by minimizing the Mahalanobis distance
between the test feature fi.sy and the stored prototypes:

7 = argmin /(e — 10)7 57 (frast — pr). (1)

Specifically, we use only the final scale of the multi-scale features as the rout-
ing query fiest to capture the global task context. Although the subsequent NF
process utilizes multi-scale features to preserve dense structural details, routing
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relies solely on this high-level semantic representation. This strategy ensures ac-
curate task identification within a single forward pass, effectively eliminating the
requirement for an external classifier or additional backbone computations.

Since the score is computed through the routed adapter, correct routing is
required to realize the zero-forgetting property: misrouting does degrade perfor-
mance, as forcing 5% misrouting on MVTec-AD lowers P-AP from 56.93% to
30.20%. In practice, however, every class retains a sufficient routing margin—
even the worst case (VisA pcb2) keeps its second-nearest prototype 2.58x far-
ther than the nearest—so Mahalanobis routing reaches 100% accuracy on both
datasets.

Anomaly Scoring Patch-level anomaly scores are defined as NLL ap o =
—log p(znw)—log | det Jp, |- The image-level score aggregates the top-K patches
such that ajmg = % Z(h,w)GTK an,w, where Tx denotes the set of K = 3 patches
with the highest anomaly scores. This top-K strategy is particularly suited for
manufacturing data where anomalies are locally concentrated, as it prevents the
dilution of anomalous signals by surrounding normal regions.

5 Experiments

5.1 Experimental Setup

Datasets and Protocol We evaluate DeCoFlow on MVTec-AD [2] and VisA [42]
benchmarks. All experiments follow the target 1x1 CIL scenario: classes are
learned sequentially under zero-replay constraints and task-agnostic inference.
To ensure consistent comparison, we apply an identical alphabetical learning
order for all methods across both benchmarks.

Baselines and Metrics We compare against joint-training (PatchCore [27],
CADIC [B4]), fine-tuning (PatchCore, CFA [i3], SimpleNet [20], RD4AD [5]),
and diverse CL baselines (EWC [il], LwF [i6], Replay, IUF [82], ReplayCAD [i],
CDAD [i15], DNE [i4], UCAD [19], CADIC [34]). Primary evaluation metrics are
I-AUC and P-AP, with FM () and routing accuracy as auxiliary measures.

Implementation Details For MVTec-AD, features are extracted from a
WideResNet-50-2 backbone. The NF is configured with 6 DCL and 2 ACL blocks
at LoRA rank 16, then trained via AdamP (Ir=3 x 10~%) for 60 epochs with a
batch size of 16. For VisA, we utilize ViT-B/16 features from blocks [1,2,3,5]
with 10 DCL and 6 ACL blocks (Ir=2 x 10~%) for 100 epochs. Both benchmarks
train the base on Task 0, freeze it, and subsequently update only the adapters.
Results denote the mean and standard deviation over three seeds at 224x224
resolution; full-stream training takes about 3.0 GPU-hours on MVTec-AD and
4.1-4.4 GPU-hours on VisA.

5.2 Main Results

MVTec-AD DeCoFlow achieves 98.40% I-AUC, surpassing the joint reference
baselines in image-level detection, with competitive 58.20% P-AP. It maintains
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Table 2: Performance comparison on MVTec-AD and VisA in the 1x1 CIL setting.
Entries denote average performance (Avg) and forgetting measure (FM) after the final
task. Bold /underlined values indicate best/second-best results. Joint denotes reference
baselines trained on all tasks simultaneously. T signifies parameter-level zero forgetting
under correct routing; * results are from [B4]. All values are in %.

MVTec-AD (15-class) VisA (12-class)

Method LAUC P-AP LAUC P-AP

Avg () FM() Avg(f) FM () Avg(f) FM() Avg(f) FM (1)
Joint__PatchCore 97.80 - 59.40 - 91.60 - 44.00 -
Joint_ CADIC 97.80 - 59.10 - 91.00 - 43.90 -
FT_PatchCore* 60.20 38.30 19.00 37.10 58.90 36.10 9.00 31.10
FT7CFAI (3] 62.30 36.10 17.70 8.30 59.30 32.70 8.70 18.40
FTisimpleNet;t (2] 70.80 21.10 6.00 6.90 61.60 28.30 1.40 1.60
FT_RD4AD?* 6] 59.60 39.30 14.30 42.50 52.50 42.30 6.90 20.10
IUF [32] 76.20 6.70 17.10 5.90 68.10 8.50 3.40 0.30
ReplayCAD |[i0] 94.80 4.50 53.70 5.50 90.30 5.50 41.50 5.00
CDAD i3] 74.30 20.10 28.00 26.10 62.80 22.20 8.30 21.70
DNE (4] 87.00 11.60 — - 61.00 17.90 — -
UCAD (9] 93.00 1.00 45.60 1.30 87.40 3.90 30.00 1.50
CADIC [&4] 97.20 1.10 58.40 1.50 89.10 4.30 43.80 1.40

DeCoFlow (Ours)  98.40+0.00 0.00" 58.20+0.10 0.007 93.0040.10 0.00" 37.0040.30 0.00°

parameter-level zero forgetting (FM=0.00%) by structurally bypassing inter-
task parameter interference (Corollary M): unlike replay- or regularization-based
methods, DeCoFlow secures stability through structural parameter isolation
rather than constrained updates. On MVTec-AD, Mahalanobis routing also
reaches 100% accuracy. Performance is stable across class orders, with alphabet-
ical, reverse, and random streams yielding I~AUC 98.47/98.43/98.40 and P-AP
58.57/59.20/58.23 at FM=0.00%.

VisA On VisA, DeCoFlow attains 93.00% I-AUC with zero forgetting, out-
performing ReplayCAD by 42.70%p and CADIC by +3.90%p in detection. Pixel-
level localization is weaker, with P-AP at 37.00% against CADIC’s 43.80%, and
the gap concentrates on fine-defect classes such as chewinggum (AP-AP —51.3)
and pcb3 (—28.8), where thin, low-contrast boundaries are oversmoothed (Fig. D).
This behavior traces to feature granularity rather than the density model: the
ViT-B/16 backbone raises I-AUC over WideResNet-50-2 (93.00% vs. 88.60%)
but yields a coarse 14 x 14 grid, and raising token resolution lifts P-AP from
35.85% to 39.52%, while stronger backbones reach I-AUC/P-AP 95.77/44.01
(EVA02-B14) and P-AP 38.05 (ViT-B/8). Detection thus remains robust, with
localization the primary VisA limitation.

Qualitative Evidence To complement quantitative metrics, Fig. @ provides
qualitative anomaly maps. Across representative classes, DeCoFlow assigns low
scores to normal regions and concentrates high responses on defect areas, con-
sistent with the image-level gains in Tab. D.
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GT DeCoFlow DeCoFlow

Fig. 2: VisA fine-defect localization failures (Input, GT, DeCoFlow). Defect regions
are detected, but thin or low-contrast boundaries are blurred—consistent with the fine-
defect P-AP gap rather than a density-modeling failure.
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Fig. 3: Performance, parameter cost, and forgetting comparison on MVTec-AD 15-
class.

Structural Cost Analysis Figure B positions DeCoFlow against baselines
in the accuracy—parameter—forgetting trade-off. Table B confirms that updat-
ing the shared base (up to 25.0%x cost) or employing high-rank adapters (4.7—
7.5x overhead) yields no significant gains. DeCoFlow adopts rank=16, aligned
with the SVD effective rank of 17.23 (Tab. Ba), requiring only 2.27M parame-
ters per task (2.5%). End-to-end inference takes 90.2 ms/image (11.1 FPS) with
989 MB peak memory on the 15-task MVTec-AD stream, faster than CADIC’s
10k-coreset setting (6.6 FPS) while storing parameters rather than coresets.

5.3 Ablation Study

Components Analysis Coupling decomposition alone (without TSA and TAL)
achieves 94.18%), establishing DCL as the primary architectural component (Tab. @).
The performance gap between this baseline and the full model reflects frozen-base
rigidity, which each auxiliary module mitigates through a specialized function.
Specifically, removing ACL incurs the largest degradation (—10.17%p), indicat-
ing that DCL requires explicit normalization to resolve residual statistical mis-
matches (Fig. B). Similarly, the absence of TAL causes underfitting in low-density
tail regions (—3.17%p), while removing TSA compromises feature alignment for
subsequent tasks (—0.68%p). Finally, excluding LoRA results in a negligible ac-
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metal nut
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Fig. 4: Qualitative anomaly maps for four representative classes (one normal and two
anomalous samples per class). DeCoFlow assigns consistently low scores to normal
regions and localized high responses to defect regions.

Table 3: Design space comparison (MVTec-AD): Table 4: Component ablation re-
varying adapter structure and configuration on the sults (MVTec-AD). fw /o LoRA en-
same NF backbone. Rel. denotes parameter ratio tails 100% parameter increase per

relative to DeCoFlow. task.
Design Adapter I-AUC P-AP Params Rel.  Configuration — I-AUC (%) P-AP (%) A I-AUC
9 9 y
&) &) D Full (DeCoFlow) 98.47 58.57 -
Full ACL (8b, h=0.5) Full/task 98.74 58.27 7.10 3.1X w/o TSA + TAL 94.18 48.56 —4.29
Full ACL (8b, h=2.0) Full/task 98.83 57.81 56.68 25.0x /o ACL 88.30 45.76 ~10.17
DCL + Linear Full-rank 98.48 57.78 10.64 47X /o TAL 95.30 49.67 —3.17
DCL + LoRA (r=512) LoRA 98.46 58.56 17.12 T7.5x w/o TSA 97.79 55.00 —0.68
DCL-only 6b (w/o ACL) LoRA (r=16) 8830 45.76 149 0.66x 7o [oRA* 08.43 5890 —0.04
DCL-only 8b (w/o ACL) LoRA (r=16) 89.46 47.38 212 0.93x

DeCoFlow (6DCL+2ACL) LoRA (r=16) 98.49 58.57 2.27 1.0x

curacy impact (—0.04%p) but doubles the parameter count per task, confirming
its role as a critical efficiency mechanism.

Regime-Specific Interaction Analysis Factorial analysis in Tab. B reveals
that our compensators are specifically tailored for the frozen NF base regime
rather than being universally beneficial modules. TAL provides substantial gains
(+13.04%p) when the NF base weights are frozen but becomes redundant or even
deleterious (—1.22%p) when the base is trainable, validating its specialized role
as a capacity reallocation mechanism. While ACL improves performance in both
settings, its contribution is 1.66x greater under a frozen NF base. TAL is also lo-
cally stable: TailTopK/TailW sweeps vary I-AUC only within 97.83-97.92% and
P-AP within 56.03-56.18%. Finally, TSA contributes primarily through syner-
gistic interaction with other modules rather than through standalone gains.

5.4 Mechanism Analysis

Table B analyzes the principles behind DeCoFlow’s precise task adaptation with
few parameters from two perspectives.

Low-Rank Sufficiency SVD analysis of AW after 15-task training (Tab. Ba)
reveals a mean effective rank of 17.23. Our configuration of rank 16 directly
aligns with this inherent low-dimensional structure, capturing the essential sig-
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Table 5: Factorial analysis: L AUC change (%p) per component under frozen vs. train-
able base regimes. A is measured from each regime’s uncompensated baseline (Frozen:
84.12%, Trainable: 68.13%). 2 x 4 design to characterize regime-dependent behavior.

Component Frozen (A%p) Trainable (A%p) Regime Dep.

TAL +13.04 —-1.22 Frozen-specific
ACL +11.52 +6.93 1.66x amplified
TSA —-1.19 —16.34 Suppressed

Table 6: Mechanism analysis. Part A: Low-rank sufficiency (24 AW matrices, 15-task
average). Part B: TAL gradient redistribution (4 tasks x 30 batches average). Part C:
Task-agnostic base validation (5 different Task 0 initializations).

Part A: Low-Rank Sufficiency

Metric Value Perf.

Eff. Rank (SVD)  17.23%1.10 — Part C: Task-Agnostic Base
Energy@16 92.82% 98.49 / 58.57

Energy@64 99.71% 98.47 / 58.57 Metric NF MLP

RAR (|AW|/||W]|) 0.09240.027 —
Part B: TAL Gradient Redistribution

Cos-Sim  0.7840.06 0.2740.11
LAUC Std  0.21%p —

Loss Config Grad (Tail) Grad (Non-Tail) Ratio Routing 100% —
Mean-only 0.00296 0.00212 1.38x
Tail-Aware 0.1104 0.000755 144.2x
Amplification 37.1x 0.36%x 104.5%

nal required for SOTA performance with minimal overhead. This sufficiency
is further supported by the high inter-task gradient similarity (cos-sim 0.78,
Tab. Bc), which suggests that task adaptation occurs within a compact subspace.
Additionally, the relative adaptation ratio (RAR = [|AW || p/||Whase || F) averages
only 0.092, confirming that the frozen base handles 90.8% of the overall transfor-
mation while the low-rank adapters manage task-specific adjustments. A rank
sweep from r=16 to 128 changes I~AUC/P-AP by only 0.02/0.09%p, indicat-
ing that performance is governed more by the DCL/ACL boundary and TAL
objective than by raw adapter rank.

Tail Gradient Amplification Under the frozen-base regime, we leverage
the limited capacity of low-rank adapters through strategic gradient allocation
rather than relying on parameter-intensive full-rank updates. Standard NLL op-
timization produces a near-uniform gradient distribution, with a tail-to-non-tail
ratio of only 1.38x (Tab. Bb). Conversely, TAL significantly amplifies this ratio to
144.2x, representing a 104.5-fold increase. This shift effectively concentrates the
available parameter budget on critical low-density boundaries where normal and
anomalous distributions overlap. This redistribution enables a +3.17%p I-AUC
gain (Tab. B) without overhead, showing targeted optimization can outperform
capacity scaling in continual learning.
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(a) Cumulative |log det J| (b) Cross-Dim. Independence (c) Marginal Gaussianity
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Fig. 5: Block-wise transformation analysis. (a) Cumulative | log|det J;(z)||: DCL
6 blocks contribute 68.5%, ACL 2 blocks contribute 31.5%. (b) Off-Diagonal Covari-
ance: DCL introduces cross-dimensional coupling, which ACL restores to independence.
(c) Q-Q Correlation: stagnates through DCL, then sharply aligns after ACL. Gray lines
denote individual classes (15), bold line denotes the mean.

Block-Wise Complementarity Fig. B illustrates how DCL and ACL op-
erate in tandem to achieve precise density modeling. While DCL serves as the
primary engine by executing 68.5% of the total transformation (Fig. Ba), it in-
evitably induces cross-dimensional coupling, as evidenced by a rise in off-diagonal
covariance (Fig. Bb). ACL subsequently acts as a statistical finalizer, restoring
independence and ensuring sharp marginal Gaussian alignment (Fig. Bc). This
complementarity is not substitutable: replacing ACL with additional DCL blocks
(8DCL40ACL) yields a 9.01%p performance deficit despite maintaining identi-
cal depth. These results confirm that DCL handles the heavy lifting of transfor-
mation while ACL provides the necessary statistical regularization for accurate
anomaly detection.

Task-Agnostic Base Validation The frozen-base strategy assumes that
the initial Task 0 base generalizes across all subsequent tasks (Tab. Bc). To vali-
date this, we independently trained Task 0 on five different classes and measured
the pairwise cosine similarity of their resulting gradients. The average similarity
reached 0.78, indicating highly aligned optimization trajectories across different
classes. As a control, a standard MLP yielded a similarity of only 0.27 (p < 0.003,
Welch’s t-test), confirming that this alignment is an intrinsic property of the
affine coupling architecture when paired with a shared Gaussian target. Further-
more, varying the initial Task 0 class resulted in a final I-AUC standard deviation
of only 0.21%p. These results demonstrate that DeCoFlow’s effectiveness is in-
variant to the choice of the initial task, providing strong empirical support for
the frozen-base approach.

6 Conclusion

We formalize subnet independence in affine coupling layers as a mechanism for
parameter isolation in continual learning. DeCoFlow decomposes Normalizing
Flows into a frozen base and task-specific low-rank adapters, structurally elimi-
nating parameter-interference forgetting under correct routing, while TSA, ACL,
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and TAL compensate for frozen-base rigidity to deliver M = 0.00% on the eval-
uated task-agnostic streams with state-of-the-art detection on MVTec-AD and
VisA.

Beyond accuracy, our analysis shows that coupling-internal decomposition
is uniquely effective in preventing manifold collapse, and that DCL and ACL
play complementary roles—dominant density transformation versus statistical
normalization—elucidating the mechanism behind the adapter modules.

Limitations remain. The VisA localization gap motivates higher-resolution/multi-
scale density modeling and stronger representations, and a diagnostic 4 x4 mixed-
CIL test on VisA shows lower stability when multiple normal distributions are
mixed from the first task (IFAUC 77.97%, P-AP 21.43%). Since end-to-end for-
getting is ultimately mediated by routing, the guarantee weakens as prototypes
overlap: under far more similar classes or much longer streams, routing rather
than parameter isolation becomes the limiting factor. Strengthening routing in
such regimes, broader protocols (mixed N x M, task-/domain-incremental, large-
scale, and cross-domain CAD), prototype routing cost, and extensions to other
generative models remain future work. More broadly, leveraging architecture-
specific structural invariance for parameter isolation offers a principled path
toward forgetting-free continual learning beyond normalizing flows.
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