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Abstract

Continual adaptation is hardest under concept
shift, where successive tasks share an input dis-
tribution but require incompatible outputs. We
introduce Functional Task Networks (FTN), a
parameter-isolation method that routes each task
through a sparse subset of independent compo-
nents without requiring a task ID at inference.
Given a small labeled support batch, FTN con-
structs a binary mask by optimizing mask log-
its, applying spatial smoothing on a component
grid, and selecting a fixed-capacity set of active
components. The same cold-start procedure is
used to allocate components during training and
to recover them at evaluation, so task inference is
handled by the adaptation mechanism itself. Dis-
joint masks yield disjoint gradient paths, giving
a structural no-forgetting guarantee under stan-
dard optimizer precautions. We instantiate the
same idea in LoRA by replacing a single low-
rank adapter with a mask-routed pool of rank-r
components. On synthetic concept-shift bench-
marks, FTN substantially reduces forgetting rel-
ative to shared-parameter baselines while pre-
serving task performance. On a six-task distil-
gpt2 style-transformation stream, LoORA-FTN re-
duces forgetting from +7.37 to +0.07 nats under
support-batch mask recovery, approaching an ora-
cle disjoint-adapter reference without using task
labels.

1. Introduction

Modern learning systems, from lifelong agents to continu-
ally pretrained language models (Gururangan et al., 2020;
Yildiz et al., 2024), must absorb new data without overwrit-
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ing old competence. When a network trained on task A is
fine-tuned on task B, gradient updates can overwrite the
configuration that encoded A (McCloskey & Cohen, 1989;
French, 1999), producing catastrophic forgetting. The prob-
lem is sharpest under block-sequential training, in which
each task is a contiguous data block (the standard regime
for continual pretraining of LLMs and for instruction- or
preference-tuning (Ouyang et al., 2022; Rafailov et al.,
2023)), and under concept shift, in which the same input
features map to different correct outputs across tasks (Gama
et al., 2014). The learner must additionally solve a task-
inference problem: given a few examples, identify which
prior solution applies, without an oracle task label (Aljundi
et al., 2019; van de Ven & Tolias, 2019).

Three families dominate the continual-learning litera-
ture (Parisi et al., 2019): regularization approaches (Kirk-
patrick et al., 2017; Zenke et al., 2017), which penalize
updates to important parameters but degrade under concept
shift; experience replay (Rebuffi et al., 2017; Lopez-Paz &
Ranzato, 2017), which scales in memory with task history;
and parameter isolation (Mallya & Lazebnik, 2018; Serra
et al., 2018; Wortsman et al., 2020; Rusu et al., 2016; Yoon
et al., 2018), which assigns each task a disjoint subnetwork.
Many parameter-isolation methods require an oracle task
identity at inference or learn a separate task-embedding-
conditioned router across tasks; SupSup is a close exception,
because it can infer a task by optimizing over learned super-
masks when task identity is absent (Wortsman et al., 2020).
We introduce Functional Task Networks (FTN), whose sin-
gle short inner-loop optimization both installs new subnet-
works during training and re-selects prior ones at inference.
No discrete task label and no learned cross-task router are
needed; recovery does require a small labeled support batch
from the current task to drive the gradient proposal.

Contributions. (1) A distributed mixture-of-experts type
architecture whose disjoint masks give a structural no-
forgetting guarantee (Theorem 2.1). (2) A three-stage
mask configurer (gradient proposal, lateral smoothing, k-
WTA) that is run cold-started at both training and infer-
ence. (3) Synthetic experiments showing FTN-Slow reaches
approximately zero forgetting under the realistic mask-
recovery protocol; FixedMask reaches exactly zero with
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the optimizer-state reset of Section 3. (4) The same mask
machinery, dropped into LoRA as LoRA-FTN (Section 2),
gives an LLM continual-fine-tuning method that empirically
realises Theorem 2.1 on distilgpt?2 across six concept-
shift style tasks: ~100x less forgetting than a shared LoRA.

2. Method

Model. We place H “neurons” on a square cortical grid
of side D = v/H. Each neuron k € {1,..., H} is itself
a private feed-forward network with L hidden layers of
inner width dinner and a scalar output. Weights are stored
as H X dijy X dipner tensors and applied with a batched
einsum that broadcasts the shared input x across neuron
slots. A binary routing mask m € {0, 1} gates the per-
neuron scalar outputs; a single linear readout produces the
prediction:

z, = MLPg(z), 9 = Wous (Dropout(z) @ m).
The model is a sparse mixture of H experts (Shazeer et al.,
2017); weights and biases are not shared across neurons
except through the readout columns.

Theorem 2.1 (Structural forgetting guarantee). Let
m) m® € {0,137 be the masks active during blocks
s < t. Ifm® ©m = 0 then for every parameter 6,
of neuron k with m,(:) = 1 and every column [Woy|. . the
gradient of the task-t loss is zero. Training on block t leaves

the task-s solution exactly unchanged.

Proof. With m,(f) = 0, 2z, is multiplied by zero in the loss,
s0 0L¢/0z, = 0; by the chain rule the gradient is zero
throughout 6, and at [Wous). & O O
Remark 2.2 (Implementation caveats). The theorem as-
sumes that no parameter changes occur on inactive neurons
via channels other than the explicit gradient: in particu-
lar, decoupled weight decay (AdamW) (Loshchilov & Hut-
ter, 2019) and Adam first/second moments (Kingma & Ba,
2015) carried across task boundaries do change inactive pa-
rameters and produce a small FM > 0 even for FixedMask.
Resetting the Adam state at every task boundary suffices;
see Section 3.

Three-stage mask configurer. The mask is produced by
Algorithm 1, given the live model and a single batch: (i) Gra-
dient proposal: S Adam (Kingma & Ba, 2015) steps on the
sigmoid-relaxed mask logits, cold-started from m = 0, min-
imize the task loss on the batch. (ii) Lateral smoothing:
the proposal is reshaped to D x D and convolved 7" times
with a uniform s X s kernel (torus padding); this projects
the proposal onto the manifold of contiguous spatial blobs.
(iii)) KWTA: top-k binarisation gives a fixed capacity bud-
get k/H per task. The same procedure is used to install a

Algorithm 1 SMOOTHKWTA mask configurer

1: Input: model fp, batch (X,Y), side D, kernel s, lateral
steps 7', winners k, reconfig steps S, LR 1
m< 0
fori=1,...,5do
m <+ m—nVuL(fo(X,0(m)),Y)
end for
Reshape mto D x D; m < KgT) *m
return KWTA (flatten(m), k)

A A

subnetwork during training and to recover one at inference;
no task ID, task embedding, or learned cross-task router
is required, but the configurer does need a small labeled
support batch from the current task.

Variants. FTN-Fastuses a 17 x 17 kernel for T=2 steps
(rapid spatial convergence); FTN-Slow uses a 3 x 3 kernel
for T'=15 steps (fine-grained iterative smoothing). KWTA-
only is the ablation with T'=0. FixedMask uses pre-
determined disjoint blocks of size k per task and is the
structural upper bound. NoMask is the all-ones mask (naive
fine-tuning). EWC (Kirkpatrick et al., 2017) is the regular-
ization baseline (A=400). SupSup (Wortsman et al., 2020)
freezes the network at random init and learns one binary
supermask per task via top-k straight-through; we use a
labeled support batch (matching FTN’s information access)
and pick the best stored supermask by argmin loss at recov-
ery. SupSup-Wide is the same baseline but with the signed
Kaiming-He init from the SupSup paper and twice the per-
neuron MLP width, the regime in which random supernets
are typically more expressive.

The architecture is loosely cortex-inspired (per-neuron
MLPs, horizontal smoothing, lateral inhibition, basal-
ganglia-like gating); see Appendix A.

Adapting FTN to LoRA: LoRA-FTN. The structural
ingredient of FTN, a binary mask gating an additive contri-
bution from a pool of independent components, transfers
directly to the LORA parameterisation (Hu et al., 2022) of
a frozen pretrained model. Replace the standard rank-r up-
date AW = BA at each adapted weight with a structured
pool of H rank-r components { (B, Ax)}/_, routed by the
same binary mask m € {0, 1}:

H
AW(TTL) = Z mi BkAk,

k=1

y = (WH+AW(m))z.

ey
The frozen base W is shared; A and B are the only trained
parameters; m selects which components contribute. Stan-
dard LoRA initialisation (A uniform, B zero) makes AW
initially zero. A single mask is shared across all adapted lay-
ers, so a “‘component” spans the network’s depth, the LoRA
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analogue of a parallel-neuron slot. Theorem 2.1 carries over
verbatim: with mg) = 0 the term m,(:)BkAkx is multiplied
by zero in every forward pass, so 0L; /0 A, = OL: /0By, =
0. The same SmoothKWTA configurer installs and recovers
the mask without modification. Full module details and the

LoRA-restated theorem are in Appendix D.

3. Experiments

Setup. The model in experiment 1 is structured like a large
mixture of experts with H=1024 slots on a 32 x 32 grid,
L=8-layer per-neuron MLPs of inner width dj, e, =8, out-
put dropout 0.2, KWTA budget k=128 (12.5% of slots per
task). Optimizer: Adam (Kingma & Ba, 2015) at 3 x 10~
with weight decay disabled and the (m,v) moments reset
at every task boundary. The reset is required for Theo-
rem 2.1 to hold empirically; without it, carried-over Adam
moments emit non-zero updates on inactive neurons even
when their gradients are zero, producing a small but repro-
ducible FM > 0 for FixedMask. With the reset, FixedMask
attains FM = 0.000 £ 0.000 exactly across all eight seeds
(Tables 1 and 2). Eight seeds, single H100 GPU; mean +
std reported. The LoRA-FTN setup re-uses the same grid,
sparsity, and configurer; model, hyperparameters, and tasks
are summarised in Section 3 and Appendix E. Headline
metrics use the mask-recovery protocol (the configurer is
cold-started on a fresh evaluation batch with no task iden-

tity).

Experiment 1 (synthetic). A 2-D input is projected
through a fixed encoder to a 24-D latent; each of three
tasks selects a disjoint 8-D block via a hidden mask, and
a sinusoidal nonlinearity at frequency 8 produces classi-
fication or regression targets. One epoch, 1000 steps per
task, batch 256; the mask is reconfigured every training
batch. Variants share the pipeline; they differ in read-
out/loss (CE vs. MSE) and configurer inner optimization
(S=1, 9,,=1.0 for clf; S=10, 7n,,=0.2 for reg). Tables 1
and 2 report mask-recovery metrics. FixedMask achieves
FM = 0 on both variants per Theorem 2.1; FTN-Slow
has the smallest FM among adaptive methods; SupSup at-
tains FM = 0 but is capped by its frozen random base
(ACC 0.645 / MSE 0.206, well below FTN-Slow); SupSup-
Wide bumps clf only to 0.660 and worsens regression (re-
config FM = 0.101 £ 0.123): regression mask recovery is
intrinsically harder than classification recovery because per-
task loss surfaces are less discriminable, and SupSup has no
mechanism to adapt to this; FTN compensates by increasing
S (S=10 for reg vs. S=1 for clf). Training the body mat-
ters: frozen-base methods pay an absolute-performance tax
that FTN avoids while preserving the structural guarantee.

Where the loss goes. A single ACC/MSE conflates two
failure modes: training-time overlap (subsequent training on

Table 1. Experiment 1 (synthetic), classification variant; mean £
std over 8 seeds, mask-recovery protocol.

METHOD ACCYT FM|
NOMASK 0.666 £ 0.031  0.466 £ 0.046
FIXEDMASK 0.938 +£0.014  0.000 £ 0.000
KWTA 0.640 £0.062 0.152 4 0.052
FTN-FAST 0.899 £+ 0.037 0.042 4+ 0.045
FTN-SLow 0.896 +£0.025 0.014 £ 0.025
EWC 0.665 £+ 0.031  0.463 4 0.046
SupSuP 0.645 £ 0.028 0.000 £ 0.000
SupPSUP-WIDE  0.660 +0.020 0.000 % 0.000

Table 2. Experiment 1 (synthetic), regression variant; mean + std
over 8 seeds, mask-recovery protocol. MSE: lower is better; FM is
the average peak-MSE minus final-MSE on prior tasks.

METHOD MSE| FM|
NOMASK 0.312 £ 0.050 0.054 4+ 0.071
FIXEDMASK 0.006 £ 0.002  0.000 £ 0.000
KWTA 0.589 +£0.316 0.028 4= 0.038
FTN-FAST 0.126 £ 0.057 0.013 +£0.017
FTN-SLow 0.167 £0.075 0.003 4 0.007
EWC 0.311 £ 0.050 0.054 +0.071
SupSuP 0.206 £ 0.029  0.000 £ 0.000
SupSupP-WIDE 0.216 £0.027 0.101 +0.123

shared neurons) and recall error (failing to re-find the trained
mask at inference). Decomposing the prior-task loss against
the FixedMask oracle on Exp. 1 (Appendix B, Table 4):
NoMask/EWC pay everything to overlap; KWTA-only pays
both terms (4-0.13 ACC, +-0.27 MSE recall error); only the
FTN variants keep both terms small simultaneously. FTN-
Slow has the smallest training-time overlap (slightly better
than the FixedMask oracle on prior tasks at this seed budget)
and FTN-Fast has the smallest recall error; the two trade off
as a bias—variance pair.

Experiment 2 (continual LLLM fine-tuning with LoRA-
FTN). The intent of this experiment is twofold: (i) to test
whether the structural forgetting guarantee of Theorem 2.1
carries over to a LoRA-parameterised pretrained model, and
(i) to test whether the gradient — smoothing — KWTA
configurer can install and recover task-specific adapters
cold-started on a small support batch when the underlying
loss is a real autoregressive LM loss.

We continually, block-sequentially fine-tune a frozen
distilgpt2 (Radford et al., 2019; Sanh et al., 2019;
Wolf et al., 2020; Hugging Face, 2019) (six transformer
layers) on a stream of N =6 style-transformation tasks. Ev-
ery block’s attention QKV projection (c_attn) is wrapped
with a LoRA-FTN pool of H=576 components on a 24 x 24
grid, rank r=4, KWTA winners k=72 (12.5% active per
task). A single mask is shared across all wrapped layers.
Optimizer: Adam (Kingma & Ba, 2015) at 5 x 10~*, weight
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FTN-Fast mask allocations (8 seeds) FTN-Slow mask allocations (8 seeds)

(b) FTN-Slow, 8 seeds.

(a) FTN-Fast, 8 seeds.

Figure 1. RGB mask allocations on synthetic classification. Each
tile is one seed, each color one of the three tasks. The lateral ker-
nel groups neurons into compact, approximately non-overlapping
blobs that are topographically consistent across initialisations.

decay 0, (m, v) reset at every task boundary (Remark 2.2,
restated for AdamW in Appendix D). Each task gets 200
training steps at batch 8; the configurer’s support batch is 16
examples; we report per-token CE on a held-out test split,
mean = std over 7 random seeds. Headline metrics use the
realistic mask-recovery protocol.

The six tasks share the same source corpus of ~ 120
short mixed-case English sentences (a mix of pangrams
and English proverbs, embedded in the experiment’s
source code so the run requires no external data down-
load). Each task applies a different deterministic text-to-
text transformation: upper, lower, reverse_words,
double_words, starred_vowels (vowels replaced
with x),and pirate ("Arr! . .matey!" wrapping).
Same input distribution, different target text = strict con-
cept shift. Four methods are compared: LoRA-FTN
(the proposed method); LoRA-FixedMask (deterministic
disjoint-block per task; structural oracle); LoRA-Naive (all-
ones mask; a single shared LoRA of effective rank Hr); and
LoRA-Bank, the simplest version of the FTN idea with no
mask machinery, a pool of H=8 rank-288 LoRAs (matched
per-task and total parameter capacity to LORA-FTN), B
initialised to small random Gaussian to break symmetry,
and the configurer reduced to argmin of the support-batch
loss over the H one-hot masks.

Caveat (LoRA initialisation). Standard LoRA init (B=0)
makes untrained components contribute zero, so early in
training the gradient proposal selects new-task components
partly by avoiding harmful prior components rather than by
positively identifying useful new ones; non-zero B init is a
natural follow-up.

Table 3 summarises the result. LoRA-Naive collapses
(+7.37 £ 0.50 nats); LoRA-FixedMask attains FM = 0.00
exactly under both protocols, the empirical confirmation of
Theorem 2.1 on the LoRA-parameterised model. LoRA-
FTN retains within 0.07 & 0.03 nats of the oracle under the
realistic protocol, a ~ 100x reduction relative to LoRA-
Naive; residual forgetting is concentrated on the gradient-
similar pair (reverse_words / double_words) whose
recovered masks share roughly a quarter of their winners.

Table 3. Block-sequential continual fine-tuning of distilgpt2
on six mutually-exclusive style-transformation tasks (concept
shift). Per-token cross-entropy on a held-out test split, mean =+ std
over 7 random seeds; FM is the average rise in CE on prior tasks
above the lowest level they reached during training (positive =
forgetting). STORED uses each task’s training-time mask (oracle);
RECONFIG cold-starts the SmoothKWTA configurer on a fresh
support batch with no task identity.

METHOD PROTOCOL CE} FM|
LORA-NAIVE (10006 5224042 17374030
LORA-FIXED ;;212)}13\1];16 1§gi883 888i888
LORABANK 060 1425000 0042011
LORA-FIN 000 511008 1007 4003

LoRA-Bank attains comparable mean retention (FM =
+0.04 £ 0.11 reconfig) but with markedly higher variance:
6/7 seeds hit FM = 0 exactly (each task picks a unique
slot), while 1/7 seeds suffers a slot collision that drives
FM to +0.80 stored / +0.28 reconfig, the failure mode the
smoothing/KWTA machinery is designed to prevent. We
read LoORA-FTN’s value as enabling distributed task rep-
resentations that are free to share components rather than
enforcing the strict disjointness LoRA-Bank’s argmin im-
poses; the present results show this distributed regime is
competitive with strict disjointness, and we leave the ques-
tion of transfer to held-out tasks to future work. Per-task
matrices, forgetting curves, mask-overlap tables, and mask-
tiling visualisations are in Appendix F.

4. Discussion

Discussion. Unlike PackNet, HAT, Progressive Networks,
and DEN (Mallya & Lazebnik, 2018; Serra et al., 2018;
Rusu et al., 2016; Yoon et al., 2018), FTN needs no oracle
task identity and no learned cross-task router; it is closer
to SupSup (Wortsman et al., 2020) but trains the body and
re-uses a single cold-start mask-search at both training and
inference. Lateral smoothing biases KWTA subset-selection
from (IZ ) toward O(H) compact regions, buying recall sta-
bility against gradient-proposal noise. Limitations: modest
benchmarks; structural guarantee contingent on careful im-
plementation (Remark 2.2, Appendix C); capacity bounded
by H/k. Natural next steps: larger foundation models, more
module types, conflicting-preference RLHF / instruction
streams.
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Impact Statement

This work contributes to continual learning, an essential
feature of generally intelligent and adaptive systems and of
localised Al that learns from streaming data.
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A. Extended Biological Motivation

The architectural choices in Section 2 compress several cortical motifs that admit longer treatment.

Pyramidal neurons as deep MLPs. Cortical pyramidal neurons exhibit nonlinear dendritic processing comparable in
expressivity to a small multi-layer artificial network (Poirazi et al., 2003; Poirazi & Papoutsi, 2020; Beniaguev et al., 2021).
Modeling each “neuron” in our population as an L-layer MLP with a scalar output (an analogue of the cortical firing rate)
compartmentalizes nonlinear feature extraction within neurons and reduces task-specific selection to a search over linear
combinations. The scalar output bottleneck also discourages redundant solutions, mitigating the load-imbalance and expert-
collapse problems familiar from mixture-of-experts (Shazeer et al., 2017; Fedus et al., 2022). Output dropout (Srivastava
et al., 2014) is an algorithmic analogue of cortical response variability and grants tolerance to imperfect mask recovery.

Lateral excitation as smoothing. Cortical pyramidal neurons interact through dense local recurrent and horizontal
connectivity (Hubel & Wiesel, 1962; Gilbert & Wiesel, 1983; Douglas & Martin, 2004); we abstract this as a uniform
positive-valued convolution applied to the routing mask rather than to neural activations. This causes neurons to group by
task relevance rather than by input similarity. Two consequences: spatial separation of task subnetworks (reducing overlap
and interference) and reduction of the mask search space from (21 ) toward O(H) under the single-blob idealization.

Lateral inhibition as KWTA. Cortical inhibitory interneurons enforce competition among excitatory cells (Maass, 2000;
Douglas & Martin, 2004; Amari, 1977); we abstract this as a k-winner-take-all stage that produces a fixed capacity budget
per subtask. A continuous variant (e.g., a Mexican-hat kernel of 4--valued lateral connectivity) would soften & but is left to
future work.

Gradient proposal as basal-ganglia gating. The initial gradient-based proposal of which neurons drive the loss plays the
role of a reward-prediction-error / dopaminergic gating signal selecting among cortical assemblies (Mink, 1996; Schultz
etal., 1997; O’Reilly & Frank, 2006; Rolls, 2010).

B. Mask-overlap vs. Recall-error Decomposition

The decomposition reported in Section 3 computes, for each method M and each prior task j (j < N—1),

overlapy (7) = Pieiask () — P37 (4),

. st dy/ - £, .
recallys (7) = par" " (4) — Par = (9);
on classification (signs reversed for regression MSE excess), then averages across prior tasks and seeds.

Table 4. Decomposition of Exp. 1 mask-recovery loss into training-time mask overlap and inference-time recall error against the
FixedMask oracle. Entries are unitless drops (clf ACC) or excesses (reg MSE). FixedMask reference: clf ACC= 0.939, reg MSE= 0.006.

CIf ACC drop Reg MSE excess
Method Overlap Recall  Overlap Recall

NoMask +0.430 +0.000 +0.461 +0.000
EWC +0.428  +0.000  +0.459 +0.000
KWTA +0.154 +0.131  +0.272  +0.267
FTN-Fast  +0.016 +0.010 +40.098 +0.032
FTN-Slow —0.004 40.021 40.110 40.022

C. Implementation Notes for Theorem 2.1

The theorem assumes that no parameter changes occur on inactive neurons. In practice, a number of common implementation
choices break this assumption silently and produce a small but reproducible FM > 0 even for FixedMask:

* Decoupled weight decay (e.g. AdamW (Loshchilov & Hutter, 2019)): applies 6 < (1 — n\)0 regardless of gradient.
Set weight decay to 0 or apply it only to active neurons.
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* Adam moment carry-over (Kingma & Ba, 2015): at a task boundary the prior task’s (m, v) moments are non-zero, so
subsequent Adam updates on inactive neurons remain non-zero (decaying as (31/v/532)") for ~ 1/(1 — 31 /+/B2) =~ 10
steps. Reset the optimizer state at every task boundary.

¢ Shared output biases: a IW,; with bias couples all task readouts; we use bias-free readout. BatchNorm/statistics
updates have the same problem.

With these precautions, FixedMask attains FM = 0.000 &£ 0.000 exactly across all 8 seeds on Exp. 1, and LoRA-FixedMask
attains FM = 0 exactly on the LLM stream (Appendix D).

D. LoRA-FTN: Module, Theorem, and Implementation Notes

This appendix expands the brief LoRA adaptation in Section 2 into the full module, restates the structural forgetting theorem
in the LoRA setting, and lists the implementation precautions needed for the theorem to hold empirically.

LoRA-FTN module, restated. For each adapted weight W € R *4i in the frozen pretrained model, we replace the
standard rank-r LoRA update AW = BA by a structured pool of H rank-r components {(By, A)HL | with Ay € R™*4:,
By, € R%*", A single binary mask m € {0, 1} with |[m||o = k routes the contributions:

H
AW(m) = Y m;BjA;, y = (W+AW(m))z. 2)
j=1

The frozen base W is shared across tasks; A and B are the only trained parameters; m selects which components contribute
on the current pass. Standard LoRA initialisation (A uniform, B zero) makes the initial AW identically zero. A single mask
of size H is shared across all adapted layers, so a “component” j spans the full depth of the network, the LoRA analogue of
a parallel-neuron slot in the basic mixture-of-experts type model.

Theorem D.1 (Structural forgetting, LORA-FTN). Let m(®), m®) € {0, 1}¥ be the masks active during fine-tuning blocks
s < t. Ifm® @ m® = 0, then for every (A;, Bj) with més) = 1, the gradient of the block-t loss with respect to A and
B; is exactly zero. Training on block t leaves the block-s LoRA adapter unchanged.

Proof. With mg-t) = 0, the term mgt)Bj Ajz is multiplied by zero in every forward pass through every adapted weight W,
SO 3£t/8AJ =0 and 8£t/8Bj =0. O] O]

Implementation precautions for LORA-FTN. The same precautions of Appendix C apply, with one substitution: many
LLM fine-tuning pipelines default to AdamW (Loshchilov & Hutter, 2019) with non-zero weight decay, which silently
violates the theorem on inactive components. We disable decoupled weight decay and reset the Adam (m, v) moments at
every task boundary. With both precautions, LoRA-FixedMask attains FM = 0.000 exactly on every run of Section 3.

E. LoRA-FTN: Hyperparameters and Tasks

distilgpt2 transformer (Radford et al., 2019; Sanh et al., 2019; Wolf et al., 2020; Hugging Face, 2019) (frozen, six
layers); each block’s attention QKV projection (c_attn) is wrapped with a LORA-FTN pool. Pool size H = 576, grid
side D = 24, rank 7 = 4, KWTA winners k = 72 (12.5% active per task). Optimizer Adam (Kingma & Ba, 2015) at
n =15 x 1074, 200 training steps per task, batch 8, support-batch size 16, max sequence length 96. Adam (m, v) are reset
at every task boundary; decoupled weight decay is 0 (Appendix D). SmoothKWTA configurer parameters: S = 15 inner
steps at 1, = 0.5, kernel 3 x 3, T' = 15 lateral steps. Table 3 reports mean =+ std over 7 random seeds. The diagnostic
mask-layout visualisations in Appendix F use eight random seeds. The full code is in experiments/lora/.

Tasks. The six tasks share the same source corpus of mixed-case English sentences and apply different deterministic text-
to-text transformations: upper, lower, reverse_words (reverse word order), double_words (each word printed
twice), starred_-vowels (vowels replaced with x), and pirate ("Arr! ...matey!" wrapping). The input token
distribution is identical across tasks; only the target text changes, giving strict concept shift.
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F. LoRA-FTN: Per-task Diagnostics

This appendix contains the per-task forgetting pattern, per-task forgetting curves, the pairwise mask-overlap matrix, and the
mask-tiling visualisation that complement the headline numbers in Table 3.

Per-task performance matrices. Figure 2 shows the per-task performance matrices under the realistic mask-recovery
protocol. LoRA-Naive’s matrix darkens monotonically along each prior-task column as more tasks are added, every cell off
the diagonal is overwritten. LORA-FTN’s matrix retains the diagonal and most off-diagonals at low CE, with concentrated
forgetting on a single pair (reverse_words / double_words), exactly the pair flagged by the mask-overlap diagnostic
below.

16 16
LoRA-Naive — reconfig LoRA-FTN — reconfig
14 14
04 239
12 12
14 224 073
% %
8 10 8 10
o >21 224 075 2.06
c c
= g O < g O
© ©
=] 534 224 074 234 115
@ @
d<;_:' 6 d<;_:' 6
44 219 073 241 112 271
4 4
54 222 074 263 077 273 0.11
2 : . . . T . 2
0 1 2 3 4 5 0 1 2 3 4 5
Eval task j Eval task j
(a) LoORA-Naive (RECONFIG). (b) LoORA-FTN (RECONFIG).

Figure 2. Per-task performance matrices on the LLM concept-shift stream (per-token CE on test, lower is better). Cell (3, j) is the loss on
task j after training through task . LoRA-Naive (left) overwrites every prior task; LORA-FTN (right) retains nearly all prior tasks via
mask recovery, with concentrated forgetting on a single gradient-similar pair.

Per-task forgetting curves. Figure 3 traces the per-task CE through the training stream: LoRA-Naive’s curves climb
sharply on every prior task whenever a new task is trained; LoRA-FixedMask’s curves are flat (Theorem D.1); LoORA-FTN’s
curves stay flat for most pairs, with a single visible spike when a gradient-similar later task overwrites a shared component.

LoRA-Naive — reconfig LoRA-FixedMask — reconfig LoRA-FTN — reconfig

~®- upper
151 -0~ lower
~@- reverse_words
~@- double_words
~@- starred_vowels
4 -@~ pirate

—
o

Per-token CE

w
L

T T T T T T T T T T T T T T T
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4
After training task After training task After training task

Figure 3. Per-task CE through the training stream (RECONFIG protocol). Each curve is one task; the z-axis is “after training through task
1. The single visible spike on LoORA-FTN corresponds to the gradient-similar pair identified in Table 5.

Mask-overlap diagnostic. The disjoint-mask theorem makes a precise prediction: for any two tasks whose recovered
masks are disjoint, training the second leaves the first untouched. Table 5 reports the pairwise mask overlap |m; N'm;|/k
for the six LORA-FTN training-time masks on the 24 x 24 grid. Most pairs are exactly disjoint. The largest overlap is 0.36
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Table 5. Pairwise overlap of LORA-FTN training-time masks: |m; N m;|/k, where k = 72 is the per-task active count. Diagonal is
identically 1 and omitted; off-diagonal 0 means exact disjointness (Theorem 2.1 gives FM= O for that pair).

upper lower reverse double. starred pirate
upper . 0.36 0.00 0.00 0.00 0.00

lower 0.36 . 0.00 0.00 0.00 0.06
reverse_wor 0.00 0.00 . 0.24 0.00 0.00
double_word 0.00 0.00 0.24 . 0.00 0.00
starred _vow 0.00 0.00 0.00 0.00 . 0.18
pirate 0.00 0.06 0.00 0.00 0.18 .

(upper/lower, both case-change tasks); the gradient-similar word-level pair reverse_words/double_words sits at
0.24. The residual FM = 0.13 nats CE for LoORA-FTN is concentrated on these overlapping pairs; the disjoint pairs retain
exactly. This is consistent with Theorem D.1: pairs whose recovered masks are disjoint are retained exactly, and residual
forgetting tracks mask overlap empirically; the configurer’s job is to make the masks disjoint enough, a job that becomes
much easier when the component grid is large enough to give each task its own spatial neighbourhood.

Mask tiling. Figure 4 renders the LORA-FTN training-time masks across eight random seeds as RGB overlays on the
24 x 24 component grid: each task is assigned a distinct colour and the per-task binary masks are summed (clipped
per-channel). Despite the configurer being cold-started from m = 0 at every task, the SmoothKWTA stages (lateral 3 x 3
kernel, T' = 15 iterations) consistently group the selected components into compact contiguous blobs. Tasks with disjoint
colours are exactly non-interfering by Theorem D.1; the residual co-located colours on gradient-similar task pairs are the
source of the residual forgetting reported in Table 3.

LoRA-FTN: per-seed mask layouts on the 24x24 component grid

seed 0 seed 1 seed 2 seed 3
seed 4 seed 5 seed 6 seed 7
Il upper mm lower I reverse_words double_words I starred_vowels s pirate

Figure 4. LoORA-FTN mask layouts on the 24 x 24 component grid for eight random seeds. One colour per task; cells with mixed colour
are shared by overlapping masks. The configurer is cold-started from m = 0 in every panel, yet repeatedly assigns each task a compact
spatial blob, and most task pairs land in disjoint regions across seeds (and are retained exactly).
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