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Differentiable physical networks provide a simple setting in which learning can be studied through the
interaction between trainable parameters and physical equilibrium constraints. We investigate sequential learning
in differentiable resistor networks governed by Kirchhoff’s laws. Although individual input—output mappings
can be learned by gradient-based adjustment of edge conductances, sequential training on conflicting tasks
produces catastrophic forgetting. We show that forgetting is controlled by task conflict and by the degree of
adaptation to the new task. Uniform anchoring and normalized gradient-weighted anchoring reduce forgetting
only by increasing the final loss on the new task, giving a clear forgetting—adaptation trade-off. We also
show that forgetting is associated with localized conductance changes on high-current edges, giving a physical
interpretation as reconfiguration of dominant transport pathways. Broader random-task ensembles show that the
strongest forgetting occurs when the second task reverses the output ordering imposed by the first task. Finally,
comparisons across Erdgs—Rényi, small-world, scale-free, and random-geometric graph ensembles show that
topology changes the forgetting—adaptation balance. These results position differentiable resistor networks as

compact, physically interpretable test beds for studying continual learning in tunable matter.

DOI: 10.1103/584w-2mxq

I. INTRODUCTION

Recent years have seen growing interest in physical neural
networks and, more broadly, in learning systems that compute
directly through physical dynamics rather than purely digital
numerical operations [1-4]. Optical, electronic, mechanical,
and other analog substrates can transform inputs through their
intrinsic dynamics, while trainable internal parameters allow
those substrates to be adapted to desired tasks. This line of
work is attractive both practically, because of its potential
energy and latency advantages, and conceptually, because it
provides a route to studying learning as a physical process
rather than solely as an abstract algorithmic one.

Among such systems, resistor networks offer a particu-
larly transparent setting. Their physical state is determined
by Kirchhoff’s laws, their trainable parameters have a direct
interpretation as conductances, and their input—output map
is naturally expressed through a graph Laplacian. In this
sense, differentiable resistor networks occupy a useful middle
ground: they are simple enough to analyze mechanistically,
yet rich enough to display nontrivial learning behavior [5-7].
They therefore provide a natural platform for studying how
learning, memory, and interference arise in tunable physical
media.
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A central challenge in machine learning is continual learn-
ing, in which a system must acquire tasks sequentially without
erasing previously learned behavior. Standard gradient-based
training is well known to suffer from catastrophic forgetting,
whereby optimization for a new task degrades performance
on earlier tasks [8—12]. This issue is especially relevant for
hardware-aware and neuromorphic systems, where online
adaptation, limited memory, and local constraints make full
rehearsal or repeated retraining difficult [13—15]. Despite this,
forgetting has been studied far less in differentiable physical
networks than in software neural networks.

At the same time, the physical-learning literature has
begun to move beyond single-task trainability toward ques-
tions of adaptation, robustness, and structure formation in
tunable networks [5-7,16,17]. Most directly relevant is the
recent preprint of Chatterjee et al. [18], which studies catas-
trophic forgetting in tunable resistor networks and shows that
thresholded local updates can preserve memory of multi-
ple sequential tasks by spatially confining training updates.
Our paper is therefore not framed as introducing another
forgetting-mitigation rule for tunable resistor networks. In-
stead, we focus on a different, complementary contribution:
a differentiable, gradient-based, graph-Laplacian study of for-
getting that emphasizes mechanism. In particular, we analyze
forgetting through the geometry of task gradients, the local-
ization of conductance updates, and the preferential rewiring
of high-current pathways.

Concretely, we make five contributions. First, we formulate
a minimal sequential-learning benchmark in differentiable
resistor networks and show that conflicting tasks lead to
catastrophic forgetting under ordinary gradient-based train-
ing. Second, we show that forgetting is governed by a

Published by the American Physical Society


https://orcid.org/0000-0002-9644-1921
https://ror.org/00a0n9e72
https://crossmark.crossref.org/dialog/?doi=10.1103/584w-2mxq&domain=pdf&date_stamp=2026-06-04
https://doi.org/10.1103/584w-2mxq
https://creativecommons.org/licenses/by/4.0/

MANIRU IBRAHIM

PHYSICAL REVIEW E 113, 065303 (2026)

forgetting—adaptation trade-off: stronger adaptation to the
new task generally causes stronger degradation of the old
task. Third, we compare uniform anchoring with normalized
gradient-weighted anchoring and show that both move the
system along this trade-off. Fourth, we broaden task conflict
beyond a single reversed task by sampling random contin-
uous target pairs, showing that forgetting is strongest when
the second task reverses the output ordering imposed by the
first. Fifth, we test robustness across graph topology, input—
output graph distance, network size, and training budget. The
resulting picture is that catastrophic forgetting in this class
of physical networks is not merely an abstract optimization
failure, but a physically interpretable and topology-dependent
reconfiguration of conductive pathways.

II. RELATED WORK

A. Continual learning and catastrophic forgetting

Catastrophic forgetting has been recognized for decades
as a central limitation of sequential learning in connection-
ist models [8]. Modern continual-learning methods address
this problem through several broad strategies: regularization-
based approaches constrain parameter updates, replay-based
methods reuse previous data or synthetic surrogates, and ar-
chitectural approaches reduce interference through masking,
modularization, or task-specific subspaces [9—12,19]. Among
these, regularization-based methods are the most relevant to
the present work because they formalize forgetting as param-
eter drift away from previously useful configurations. Our
anchor penalty belongs to this family, though in a deliberately
simplified form suited to the resistor-network setting.

B. Neuromorphic and hardware-constrained continual learning

A second relevant literature concerns learning in hardware-
constrained and neuromorphic systems. In such settings,
continual learning is shaped not only by algorithmic consid-
erations but also by locality, memory, energy consumption,
and device-level constraints [13—15]. These systems motivate
continual-learning strategies that are lightweight, online, and
physically implementable. From this perspective, differen-
tiable physical networks are especially interesting: they inherit
many of the same constraints, but they also expose a direct
relationship between physical transport, trainable parameters,
and task interference.

C. Physical neural networks and learning in physical systems

Physical neural networks and self-learning physical sys-
tems have recently emerged as a broad research area
spanning optics, electronics, mechanics, and dynamical sys-
tems [1-4]. Work in this area has addressed both trainability
and implementation, including equilibrium-based learning,
physical reservoir computing, and local learning in analog
substrates [20-23]. In parallel, Stern et al. [5] formulated su-
pervised learning rules for physical networks more generally,
while recent experiments have demonstrated processor-free or
decentralized learning in nonlinear analog networks and self-
learning circuits [16,17]. Most of this literature, however, has
focused on how physical systems can be trained at all, rather

than on how they remember or forget tasks under sequential
learning.

D. Adaptive and tunable physical networks

Within physical learning, tunable resistors and flow-like
networks are particularly relevant because they combine
simple physical laws with highly interpretable trainable struc-
tures. The work of Stern et al. [6] and Guzman et al. [7]
shows that learned physical networks acquire measurable
structural signatures tied to function, and that trained solu-
tions leave microscopic imprints in tunable media. The recent
preprint of Chatterjee er al. [18] takes an important step
further by directly studying sequential learning in tunable
resistor networks and showing that thresholded local updates
can reduce catastrophic forgetting by spatially separating task-
specific tuned regions. Our paper differs in both method
and emphasis. Methodologically, we study a differentiable
resistor-network model trained by automatic differentiation
rather than a thresholded local learning rule. Conceptually,
we focus less on proposing a local mitigation mechanism and
more on explaining forgetting itself through gradient conflict,
update localization, current-weighted parameter change, and
task recovery.

Related work has also examined interference and memory
in physical learning systems more broadly. Falk et al. [24]
studied learning multiple functions in mechanical networks
and analyzed how task compatibility affects whether func-
tions can be embedded simultaneously. Dillavou er al. [25]
investigated contradictory tasks in physical learning systems
and the conditions under which learning one task interferes
with another. The present work differs in that we focus specif-
ically on differentiable resistor networks trained by gradient
descent through a graph-Laplacian equilibrium solve, and we
analyze forgetting through forgetting—adaptation trade-offs,
high-current pathway reconfiguration, and graph-topology
dependence.

III. DIFFERENTIABLE RESISTOR NETWORK MODEL

We consider an electrical network with N nodes and E
resistive edges. Each edge e = (i, j) carries a positive con-
ductance w;; > 0, and each node has an electrical potential
v;. The network is thus represented as a weighted graph whose
edge weights are trainable physical parameters.

For nodes whose voltages are not externally prescribed,
the equilibrium state is determined by Kirchhoff’s current
balance:

> wij(vi — v) = 0. (1)
J

Writing v € RY for the vector of node voltages and L(w) for
the weighted graph Laplacian, the imposed input voltages are
treated as Dirichlet boundary conditions. Partition the nodes
into prescribed boundary nodes B and free nodes I. After
imposing the boundary voltages vg, Kirchhoff’s equations for
the free nodes become

Lij(w)vy = —Lip(w)vp. )
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The output is read from the component of the equilibrium
voltage vector corresponding to the designated output node.

Two nodes are designated as input nodes, and their volt-
ages are fixed externally. A separate node is designated as
the output node, and its equilibrium voltage is interpreted
as the network prediction. The resulting input—output map is
therefore not specified directly; instead, it emerges implicitly
from the conductance-dependent equilibrium response of the
physical network.

To guarantee positivity of conductances during optimiza-
tion, each conductance is parametrized by an unconstrained
variable 6 through a softplus transformation,

wy = In(1 4+ %) + ¢, 3)

where € > 0 is a small numerical floor. This reparametrization
allows unconstrained optimization in 6-space while preserv-
ing physical admissibility of the conductances.

Given an input pair x, the model prediction is the voltage at
the output node after solving the equilibrium system. Learning
is performed by minimising a squared-error loss between this
output voltage and a prescribed target. Because the equilib-
rium solve is differentiable, the gradients of the loss with
respect to 6 can be computed by automatic differentiation
through the linear system. The model therefore belongs to
the class of differentiable physical networks, but unlike many
black-box implementations, both the operator L(w) and the
learned parameters retain a clear electrical and graph-theoretic
interpretation.

IV. SEQUENTIAL TASK TRAINING

To probe continual-learning behavior in the simplest pos-
sible setting, we define two binary input—output tasks on the
same pair of input nodes. Task A is

(1,0) = 1, “)

0,1) =0, ®)
whereas Task B reverses these targets,

(1,0) = 0, (6)

0,1) —> 1. @)

These tasks are intentionally conflicting: they impose opposite
desired responses on the same input patterns. This makes them
a useful minimal benchmark for isolating interference and
forgetting.

Sequential learning proceeds in two stages. The network
is first trained on Task A from an initial parameter vector 6,
yielding a learned configuration 64. Training is then continued
on Task B, starting from 6,. Forgetting is quantified by the
increase in Task A loss induced by the second stage,

F = L;l‘fler _ LIA)efore’ (8)

where L5 is the Task A loss immediately after the first
training stage, and Lf{ﬂer is the Task A loss after Task B
training. Large positive values of F indicate strong forgetting.

This two-task construction is deliberately minimal. It is
not intended as a realistic benchmark for large-scale continual
learning, but as a controlled setting in which the geometry

Baseline 1: sequential training

—— Train on Task A

0.59
Train on Task B

0.4

Loss

0.2

0.1

ll) 1(30 2(‘)0 3(I)0 460 560 660
Training step
FIG. 1. Sequential training behavior in the resistor network for a
representative run. The model is first trained on Task A and then on
Task B. While both tasks can be learned individually, Task A perfor-
mance deteriorates substantially after Task B training, demonstrating
catastrophic forgetting.

of gradient interference and the physical structure of conduc-
tance reconfiguration can be analyzed transparently.

V. EXPERIMENTAL RESULTS

The experiments are organised around three questions.
First, how does task conflict control forgetting? Second, how
does regularization move the system along a forgetting—
adaptation trade-off? Third, how do physical structure and
graph architecture shape this trade-off?

Unless otherwise stated, the baseline Erd6s—Rényi exper-
iments use N = 40, edge probability p = 0.15, learning rate
0.1, and 300 gradient steps on each task. The topology exper-
iments use N = 80, approximately matched mean degree, and
500 gradient steps on each task. Reported error bars denote
one standard deviation across graph realizations. For topology
comparisons, forgetting is interpreted jointly with final Task B
loss, since reduced forgetting may reflect incomplete learning
of the second task rather than improved memory retention
alone.

A. Baseline sequential learning

We first examine the unregularized sequential training pro-
cedure. Figure 1 shows the loss curves for a representative
run.

During Task A training, the loss decreases from approxi-
mately 0.41 to 0.08, demonstrating that the resistor network
can successfully learn Task A. When training is subsequently
switched to Task B, the Task B loss decreases from approxi-
mately 0.51 to 0.09, indicating that the network can also adapt
to the new task.

However, this adaptation causes severe degradation of pre-
viously learned behavior. After Task B training, the Task A
loss increases from 0.081 to 0.494, yielding a forgetting mea-
sure of F' = 0.412. Thus, the parameter updates required to
solve Task B effectively overwrite the conductance configura-
tion that encoded Task A.

This experiment establishes catastrophic forgetting as
a clear baseline phenomenon in the differentiable resistor
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TABLEI. Baseline sequential training results for a representative
run.

Metric Value
Task A loss after Task A training 0.081
Task A loss after Task B training 0.494
Task B loss after Task B training 0.088
Forgetting F 0.412

network. The corresponding numerical values for this repre-
sentative run are summarized in Table 1.

B. Task conflict and gradient-overlap transition

The reversed Task A-Task B pair used above is the maxi-
mally conflicting end point of a broader family of task pairs.
To see how gradient conflict changes as the second task
moves from cooperative to contradictory, we constructed a
one-parameter family of Task B variants. Task A was fixed
as

1,00—1, 0. 1)—0,

while the second task was defined by

1,0) > «, (0,1)—>1—a,

with o € {1,0.75, 0.5, 0.25, 0}. Thus, « = 1 corresponds to
an identical task, whereas o = 0 gives the fully reversed task
used in the baseline experiments.

For each value of «, we evaluated the gradient cosine
similarity between Task A and B, at several points along the
Task A training trajectory. If 6, denotes the parameter vector
after t Task A training steps, we compute

Qu(t) = VoLa(6;) - VoL, (6,)

- . )
Vo La (@)l | VoLsp, (0]

We also trained sequentially on A — B, and measured the
resulting forgetting.

Figures 2 and 3 show that the end points are robust. When
o = 1, the two tasks are identical, the gradients are aligned,
and forgetting is absent or slightly negative because additional
training continues to improve Task A. When o = 0, the tasks
impose opposite targets on the same inputs, the gradients are
antiparallel, and forgetting is largest. Intermediate values of «
interpolate between these regimes. The case « = 0.5 acts as a
compromise task and produces much smaller forgetting than
the fully reversed task.

The cosine similarities show larger variability for interme-
diate o, partly because one of the task gradients can be small
near compromise solutions. Thus, gradient overlap should be
interpreted as a local diagnostic of task conflict rather than
as a complete theory of forgetting. The main conclusion is
that as the second task moves from cooperative to antagonistic
relative to Task A, the gradient directions become increasingly
opposed and forgetting increases.

1.5
5 —&— step0
step 10
—&— step 50
1.04 —&— step 100
—&— step 300 -[
2
E 0.5 4
£
&
1)
=) /
o
5
e
o
B -05
G]
-1.0 [ L4 1
~154

OjO 0;2 O.I4 0t6 0j8 1;0
Task-similarity parameter a

FIG. 2. Gradient cosine similarity as a function of the task-
similarity parameter «, evaluated at different checkpoints along Task
A training. The end points are robust: @ = 1 gives aligned gradients,
whereas o = 0 gives antiparallel gradients. Intermediate values show
larger variability, consistent with near-compromise tasks and smaller
gradient norms.

C. Random task ensemble and cooperative
versus contradictory tasks

The one-parameter B, family varies task conflict along a
single line in target space. To test whether the same mecha-
nism holds for a broader class of tasks, we sampled a random
ensemble of second tasks with continuous targets

(1,0) =y, (0,1) = y,

where y;, y» € [0, 1]. Task A was kept fixed as
(1,00 > 1, (0,1)— 0.

For computational tractability, we used ten graph realizations
and 20 random second tasks per graph, supplemented by the
five deterministic tasks used in the B,, sweep.

0.35

0.30

0.25

0.20

0.15 A

Forgetting

0.10

0.05 A

0.00 A

—0.05 A

0.0 02 04 056 08 10
Task-similarity parameter a
FIG. 3. Forgetting as a function of the task-similarity parameter

«. Forgetting increases as the second task changes from identical to
Task A («¢ = 1) toward the fully reversed task (o = 0).
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0.25 1

0.20

0.15

0.10

Forgetting

0.05 A

0.00

—0.05

-0.75 —-0.50 -0.25 0.00 0.25 0.50 0.75
Mean Task B target contrast y; —y>

FIG. 4. Forgetting as a function of the Task B target contrast
cg = y; — y; for a random ensemble of second tasks. Positive con-
trast corresponds to the same output ordering as Task A, near-zero
contrast corresponds to compromise tasks, and negative contrast
corresponds to reversed or contradictory tasks. Forgetting increases
strongly as the target contrast becomes negative, showing that con-
tradictory tasks are those that reverse the output ordering imposed by
the first task.

In this two-input setting, a natural scalar measure of task
alignment is the Task-B target contrast

cg =y —y. (10)

Since Task A has contrast c4 = 1, positive cg corresponds to
a task with the same output ordering as Task A, ¢ >~ 0 corre-
sponds to a near-neutral or compromise task, and negative cp
corresponds to a task that reverses the Task A output ordering.

Figure 4 shows forgetting as a function of cz. The depen-
dence is strong and monotone. Strongly negative contrasts
produce the largest forgetting, near-neutral tasks produce
moderate forgetting, and positive-contrast tasks produce little
or no forgetting. Quantitatively, the correlation between for-
getting and target contrast is —0.935, while the correlation
between forgetting and the mean-squared difference between
Task A and Task B targets is 0.945. Thus, in this minimal
setting, contradictory tasks are precisely those that impose an
opposite output ordering on the same input patterns.

The initial gradient overlap also predicts forgetting, but
less strongly than the target contrast itself, with correlation
—0.691. This suggests that gradient conflict is one mechanism
by which target-level contradiction is expressed in parameter
space, while the target contrast provides the simpler task-level
descriptor.

D. Regularization and the forgetting—adaptation trade-off

To characterize the stability—plasticity trade-off more sys-
tematically, we compared uniform anchoring with a gradient-
weighted anchoring baseline. The uniform anchor penalty is

1 E
Lani(0) = L) + 22 Y G =010, (1)
k=1

where E is the number of trainable conductances.

TABLE II. Forgetting—adaptation trade-off for uniform and
gradient-weighted anchoring. Values are mean =+ standard deviation
over 20 random graph realizations. Uniform denotes uniform an-
choring and GW denotes gradient-weighted anchoring. The gradient
weights are normalized to have a unit mean.

Method A Forgetting Task B loss

Baseline 0 0.257 = 0.089 0.192 + 0.100
Uniform 0.1 0.250 £+ 0.087 0.198 + 0.101
Uniform 1 0.192 + 0.068 0.245 + 0.105
Uniform 5 0.074 £ 0.025 0.386 £ 0.110
Uniform 10 0.036 + 0.012 0.456 + 0.114
GW 0.1 0.167 £ 0.053 0.272 £ 0.123
GW 1 0.036 = 0.012 0.458 £ 0.122
GW 5 0.009 £ 0.003 0.517 + 0.121
GW 10 0.005 = 0.002 0.526 £ 0.121

For the gradient-weighted method, we use

1 E o
Low(0) = L5(0) + - ;kak — 00, (12)

where F; is a normalized importance weight. The unnormal-
ized importance weights are estimated from squared Task A
gradients,

1 & Taeme) ]
Fo= i Z oo ) (13)
m=1 0=0,

where £{" is the loss for the m-th Task A example. We then
normalize by the mean importance,
[ S

E-'Y  Fiter
This normalization separates the structure of the impor-
tance profile from its overall numerical scale. The resulting
penalty is EWC-style, but we refer to it as gradient-weighted
anchoring to emphasize that the weights are empirical
squared-gradient importances rather than a full Fisher es-
timate. In the present two-example task, the per-example
squared-gradient profile and the squared gradient of the mean
Task A loss were numerically indistinguishable up to round-
off.

Table II and Fig. 5 summarize the results across 20 graph
realizations. Both regularization methods reduce forgetting as
A increases, but they do so by increasing the final Task B
loss. Thus, regularization does not preserve Task A for free;
it moves the solution along a forgetting—adaptation trade-off.
Gradient-weighted anchoring is more aggressive: at A = 1, it
reduces forgetting to 0.036 £ 0.012, compared with 0.192 +
0.068 for the uniform anchor, but it also gives substantially
worse Task B loss.

(14)

E. Localization of conductance updates

To investigate how sequential learning modifies the net-
work, we analyzed the change in conductance parameters
during Task B training. Let 64 be the parameter configura-
tion after Task A training and 6 be the configuration after
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Stability-plasticity trade-off

=$+~ Uniform anchor
Gradient-weighted anchor

Forgetting

0.10

0.00

0.1 0.2 0.3 0.4 0.5 0.6 0.7
Final Task B loss

FIG. 5. Forgetting—adaptation trade-off for uniform and
gradient-weighted anchoring. Each point shows the mean over 20
random graph realizations, with error bars denoting one standard
deviation. Increasing the regularization strength reduces forgetting
but increases the final Task B loss. Gradient-weighted anchoring
produces stronger protection against forgetting at comparable X, but

also more strongly suppresses adaptation to Task B.

subsequent Task B training. For each edge,
|A9e| = |GB,e - 9A,e|~

The update distribution is strongly heterogeneous. To
quantify this localization, we measured the fraction of total
update magnitude contained in the largest edges across ten
graph realizations. The top 10% of edges account for 0.772 +
0.089 of the total update mass, while the top 20% account for
0.906 + 0.024. The distribution is shown in Fig. 6. Sequential
learning therefore does not produce uniform parameter drift.
Instead, adaptation to the new task is concentrated on a rela-
tively small subset of conductances.

Update concentration across seeds

0.95 4

0.90 -

o o o

S o ©

w o wv
;

Fraction of total |[A8] mass

e

1

IS}
L

0.65 1

(o)

0.60 -

Top 10% Top 20%

FIG. 6. Distribution across seeds of the fraction of total update
magnitude contained in the largest edges. The top 10% of edges carry
most of the update mass, and the top 20% account for almost all of
it, showing strongly localized network rewiring.

Current-update correlation across seeds
0.95 1 i
0.90 1

0.85 -

0.80

Correlation

0.75 A

0.70

o

T T
Pearson Spearman

FIG. 7. Distribution of current—update correlations across ran-
dom seeds. Both Pearson and Spearman correlations show a strong
positive relationship between edge current magnitude under Task A
and the magnitude of conductance updates during Task B training.

F. Edge current predicts conductance updates

To identify which edges are modified during sequential
learning, we compared the Task B parameter update with the
current carried by each edge under the Task A solution. For
edge (i, j), the current magnitude is

Iij = wijlvi — vj,

where w;; and v;, v; are evaluated after Task A training. We
then compared I;; with

B A
|A6;] =10 — 0.

Across ten graph realizations, the Pearson correlation be-
tween edge current and update magnitude is 0.887 £ 0.091,
while the Spearman rank correlation is 0.776 £ 0.057, as
shown in Fig. 7. Thus, learning preferentially modifies edges
that already carry substantial electrical current. Forgetting
therefore has a physical interpretation: learning a new task
rewires the high-current transport backbone of the network.

G. Task recovery under repeated training

To examine whether previously learned behavior can be
recovered after forgetting, we considered the task sequence

A— B— A.

The network was first trained on Task A, then on Task B,
and finally retrained on Task A, starting from the post-Task
B parameters.

Figure 8 shows the corresponding loss trajectories. During
the first training phase, the Task A loss decreases steadily
to a low value. Training on Task B then increases the Task
A loss substantially, confirming that the parameters learned
for Task A are disrupted by subsequent optimization on the
conflicting task. When the network is retrained on Task A, the
loss decreases again, indicating clear recovery of the original
task. Quantitatively, the Task A loss decreases to 0.092 after
the initial Task A training phase, increases to 0.343 follow-
ing Task B training, and then decreases again to 0.119 after

065303-6
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Task sequence A-> B - A

—— Train on Task A
Train on Task B

—— Retrain on Task A

N Switch A-B

0.40 i -~ Switch BoA

0 200 . 400 600 800
Training step
FIG. 8. Training losses for the task sequence A — B — A. Task
A is first learned, then degraded by training on Task B, and finally
partially recovered by retraining on Task A.

retraining on Task A. Thus, retraining substantially restores
Task A performance, although it does not fully recover the
minimum loss reached during the first Task A phase within
the same optimization budget.

This result suggests that forgetting in the resistor network
is not caused by irreversible destruction of learning capacity.
Instead, sequential learning redirects the conductance con-
figuration toward the currently trained task, and previously
successful behavior can be reestablished through further opti-
mization. At the same time, the incomplete recovery observed
here indicates hysteresis or path dependence in the parameter
trajectory.

H. Effect of network topology

To test whether the observed forgetting behavior is specific
to the Erd6s—Rényi networks used in the baseline experi-
ments, we repeated the sequential A — B protocol across
several graph ensembles with comparable mean degree. We
considered Erd6s—Rényi graphs, Watts—Strogatz small-world
graphs, Barabasi—Albert scale-free graphs, and random geo-
metric graphs. For each graph realization, we recorded the
forgetting measure, final Task B loss, edge count, mean
shortest-path length, clustering coefficient, and degree vari-
ance. For the random-geometric ensemble, runs in which Task
A was not learned were excluded from the forgetting statistics
using the criterion L5 < 0.25, since forgetting is not mean-
ingful when the initial task has not been acquired.

The results are summarized in Table III and Fig. 9. Topol-
ogy has a clear effect on the forgetting—adaptation balance.
Small-world graphs give the strongest adaptation to Task B,
as indicated by the lowest final Task B loss, but also exhibit
the largest forgetting. Scale-free graphs show the opposite ten-
dency: forgetting is lower on average, but Task B adaptation

[® ErdSs-Rényi
Small-world
. [® Scale-free
0.5 1 f# Random geometric
0.4 S
2
b=
[
=
(s}
%03
0.2
01 1 T T T T T T T
0.05 0.10 0.15 0.20 0.25 0.30 0.35

Final Task B loss

FIG. 9. Effect of graph topology on the forgetting—adaptation
trade-off. Each point shows the mean over graph realizations, with
error bars denoting one standard deviation. Small-world graphs show
the strongest adaptation to Task B but also the largest forgetting,
whereas scale-free graphs show lower forgetting but weaker Task B
adaptation. Random-geometric graphs show intermediate behavior
with larger variability. Reduced forgetting should therefore be inter-
preted jointly with new-task performance.

is weaker and more variable. Random-geometric graphs, after
controlling for edge density, show intermediate behavior with
larger variability across realizations.

These results show that forgetting cannot be interpreted
independently of new-task learning. A topology with lower
forgetting may preserve the first task more effectively, but
it may also simply learn the second task less completely.
The relevant object is therefore the joint forgetting—adaptation
trade-off, rather than forgetting alone.

For N = 80, we used p = 0.08 for Erd6s—Rényi graphs,
k = 6 and rewiring probability 0.2 for Watts—Strogatz graphs,
m = 3 for Barabdsi—Albert graphs, and radius r = 0.17 for
random geometric graphs. The random-geometric radius was
chosen empirically so that the retained graphs had an edge
count comparable to the other ensembles.

In Table III, F denotes forgetting, Lg denotes the final
Task B loss, E is the number of edges, and C is the clus-
tering coefficient. The graph classes are Erd6s—Rényi (ER),
Watts—Strogatz small-world (SW), Barabési—Albert scale-free
(BA), and random geometric (RG). For the RG ensemble, we
retained 17 of 20 realizations satisfying L5 < (.25.

1. Effect of source-target graph distance

The topology results suggest that graph structure af-
fects the forgetting—adaptation balance. To test whether this

TABLE III. Topology dependence of forgetting and Task B adaptation. Values are mean =+ standard deviation across graph realizations.

Graph F Lg E C

ER 0.391 £+ 0.095 0.110 £+ 0.041 249 £+ 13 0.070 + 0.014
SW 0.529 £+ 0.038 0.062 £+ 0.012 240 £ 0 0.329 + 0.033
BA 0.228 £ 0.111 0.229 £ 0.135 231 £0 0.169 + 0.035
RG 0.344 + 0.174 0.173 £ 0.134 240 £ 19 0.623 + 0.026
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FIG. 10. Effect of minimum input—output graph distance on the
forgetting—adaptation trade-off in Erd6s—Rényi networks. Each point
shows the mean over successful Task A runs, with error bars denoting
one standard deviation. The available distances show overlapping
error bars, indicating that the shortest-path distance alone has only
a weak effect on forgetting and final Task B loss in this ensemble.

dependence can be reduced to a simpler distance effect, we
next controlled the minimum shortest-path distance between
the input nodes and the output node. For each Erd6s—Rényi
graph, we selected output nodes satisfying

dout = min{d(ll ) 0)5 d(i27 0)}7

where i) and i, are the two input nodes and o is the output
node. We then repeated the sequential A — B experiment for
output nodes at different values of doy. Runs in which Task
A was not learned were excluded using the same criterion as
above.

The results are shown in Fig. 10. Over the range of dis-
tances available in the N = 80, p = 0.08 Erd6s—Rényi graphs,
source—target distance has only a weak effect. Forgetting
is largest for directly connected or near-connected outputs,
but the differences across distances are comparable to the
variability across graph realizations. Final Task B loss also
changes only modestly with distance. Thus, in this ensemble,
the shortest-path distance alone does not account for the topol-
ogy dependence observed above. The broader graph structure,
including degree heterogeneity, clustering, and the availability
of alternative conductive pathways, appears to matter beyond
the minimum input—output distance. The corresponding nu-
merical values are summarized in Table IV.

TABLE IV. Effect of minimum input—output graph distance in
Erd6s—Rényi networks. Values are mean + standard deviation over
successful Task A runs.

dout Runs Forgetting Task B loss

1 20 0.419 £ 0.091 0.100 £ 0.040
2 20 0.375 £ 0.096 0.122 + 0.050
3 20 0.366 £+ 0.099 0.125 £ 0.050
4 14 0.396 £+ 0.101 0.110 £ 0.049

TABLE V. Effect of network size and training budget. Values are
mean = standard deviation across graph realizations, after excluding
runs in which Task A was not learned.

N T Forgetting Task B loss

40 300 0.205 + 0.033 0.195 + 0.028
40 1000 0.522 + 0.056 0.065 £ 0.014
40 3000 0.779 £ 0.026 0.013 £ 0.003
80 300 0.242 + 0.075 0.204 + 0.052
80 1000 0.578 £ 0.099 0.055 + 0.027
80 3000 0.804 = 0.047 0.011 +£ 0.005
160 300 0.211 + 0.064 0.212 + 0.077
160 1000 0.542 + 0.100 0.065 £ 0.036
160 3000 0.792 + 0.057 0.012 % 0.008
320 300 0.231 £ 0.073 0.181 + 0.060
320 1000 0.530 £ 0.113 0.063 + 0.026
320 3000 0.790 = 0.058 0.012 £ 0.006

J. Effect of network size and training budget

The preceding results show that forgetting must be inter-
preted jointly with new-task adaptation. This is especially
important when comparing networks of different sizes, be-
cause a fixed optimization budget may undertrain larger
systems. To separate size effects from optimization-budget
effects, we repeated the A — B experiment for Erd6s—Rényi
graphs with

N € {40, 80, 160,320}, T e {300, 1000, 3000},

where T is the number of gradient steps used for each task.
The expected mean degree was kept approximately fixed by
choosing p = 6/(N — 1).

The results are shown in Figs. 11 and 12. The correspond-
ing numerical values are summarized in Table V. Across this
range of sizes, network size has only a weak systematic effect
compared with the training budget. For T = 300, the final
Task B loss remains relatively large, and forgetting is modest.
Increasing the budget to 7 = 1000 improves Task B learning

0.30
—— 300 steps

1000 steps

3000 st
025 1 - steps

0.20

0.15 -

Final Task B loss

0.10 4

0.05 4

&

0.00 -

2 27 2
Number of nodes
FIG. 11. Final Task B loss as a function of network size for
different training budgets. Increasing the number of gradient steps
strongly improves Task B learning, whereas the dependence on N is
weak over the range tested.
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FIG. 12. Forgetting as a function of network size for different
training budgets. Longer training on Task B produces substantially
larger forgetting. The weak dependence on N, compared with the
strong dependence on training budget, indicates that fixed-budget
size trends should be interpreted cautiously. For N = 320, 7 = 300,
one run was excluded because Task A was not learned under the
criterion L§* < 0.25.

but substantially increases forgetting. At T = 3000, Task B
is learned almost completely, but forgetting becomes severe
across all network sizes.

Thus, the apparent size dependence observed under a fixed
training budget is better interpreted as an optimization-budget
effect. Lower forgetting can arise because the second task has
not been learned fully. Once the training budget is varied ex-
plicitly, the dominant trend is the same forgetting—adaptation
trade-off observed in the regularization experiments.

VI. DISCUSSION

Taken together, the experiments show that catastrophic
forgetting arises naturally in differentiable resistor networks
under sequential gradient-based training, and that it admits
a physically interpretable explanation. At the coarsest level,
training on Task B moves the conductance vector away from
the Task A solution. The task-similarity and random-task
sweeps show that forgetting is strongest when the second
task reverses the output ordering imposed by the first task.
Gradient overlap provides a local parameter-space diagnostic
of this conflict: updates that reduce the new-task loss tend to
oppose directions that preserve the old task.

The random task ensemble provides a task-level interpre-
tation of contradiction in this minimal setting. Since Task
A imposes the output ordering y; > y;, second tasks with
the same ordering are cooperative, while tasks with y; < y;
are contradictory. The strong negative correlation between
forgetting and the Task B target contrast cg = y; — y, shows
that forgetting is controlled not merely by numerical target
difference, but by whether the new task reverses the functional
ordering learned from the first task. Gradient overlap remains
useful as a parameter-space diagnostic, but the target contrast
is the clearer descriptor of task conflict in this two-input
benchmark.

Regularization partially suppresses forgetting, but only by
limiting adaptation to the new task. This is the stability—
plasticity trade-off in its simplest form. Uniform anchoring
directly penalises movement away from the Task A solution,
while gradient-weighted anchoring concentrates this penalty
on parameters assigned larger empirical importance weights.
Once these weights are normalized, the gradient-weighted
method produces a pronounced trade-off curve: it can sup-
press forgetting more strongly than uniform anchoring, but
only by moving further toward poor Task B adaptation. Thus,
the important point is not that importance weighting elimi-
nates forgetting, but that it moves the system to a different
region of the same forgetting—adaptation trade-off.

The parameter updates are not spread uniformly across
the network. Instead, most of the drift is concentrated in a
relatively small subset of edges, and those edges are dispro-
portionately ones that already carry substantial current under
the Task A solution. In physical terms, learning the second
task rewires a limited set of dominant conductive pathways.
Forgetting therefore has a structural interpretation: it reflects
localized reconfiguration of the transport backbone that origi-
nally implemented the earlier task.

The repeated-training experiment shows that forgetting is
not irreversible. After an A — B — A sequence, the network
can recover much of its original Task A performance. This
suggests that the system does not lose representational ca-
pacity outright; rather, it is redirected toward the currently
trained task. At the same time, incomplete recovery under
the same optimization budget indicates path dependence in
parameter space: once conductances have been reconfigured
for a conflicting task, returning to the earlier solution may
require additional training effort.

The topology experiments show that graph structure
changes the forgetting—adaptation balance. Small-world
graphs adapt strongly to the new task but forget more, while
scale-free graphs show lower forgetting with weaker new-task
learning. Random-geometric graphs display intermediate but
more variable behavior. The source—target distance sweep
shows that the shortest-path distance alone has only a weak
effect in the Erd6s—Rényi ensemble considered here. Thus,
topology matters, but its effect is not reducible to the mini-
mum input—output graph distance. Broader structural features
such as clustering, degree heterogeneity, and the availability
of alternative conductive pathways also shape the trade-off.

The size-budget sweep clarifies the interpretation of
network-size effects. At approximately a fixed mean de-
gree, increasing N from 40 to 320 produces only weak
systematic changes compared with the effect of the training
budget. Longer Task B training reduces the final Task B loss
but substantially increases forgetting. This shows that lower
forgetting under a fixed budget should not be interpreted au-
tomatically as better memory retention; it may instead reflect
incomplete learning of the new task.

Overall, the revised experiments move the interpreta-
tion beyond the observation that sequential training causes
forgetting. In this benchmark, forgetting is controlled by
target-level task contradiction, by the degree of new-task
adaptation, and by graph-dependent physical reconfigura-
tion. The resulting picture is not a closed-form theory
of forgetting, but it identifies the main statistical and
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mechanistic factors controlling forgetting in differentiable re-
sistor networks.

VII. CONCLUSION

We have studied sequential learning in differentiable
resistor networks and shown that even this minimal graph-
Laplacian physical system exhibits catastrophic forgetting
under ordinary gradient-based training. The forgetting is
physically interpretable: sequential learning produces local-
ized changes in conductance parameters, and the largest
changes occur preferentially on high-current edges that form
dominant transport pathways.

Regularization reduces forgetting, but only through a
stability—plasticity trade-off. Uniform anchoring and normal-
ized gradient-weighted anchoring both move the system along
a forgetting—adaptation curve: stronger regularization protects
the old task but worsens learning of the new one. The ran-
dom task ensemble shows that contradiction is controlled by
target ordering: second tasks that reverse the ordering im-
posed by the first task produce the strongest forgetting. The
topology experiments show that the trade-off also depends
on graph structure. Small-world, scale-free, Erd6s—Rényi,
and random-geometric networks occupy different regions
of the forgetting—adaptation plane, showing that network

architecture affects both memory retention and new-task
acquisition. The size—budget sweep further shows that the
training budget is a dominant factor: more complete learning
of the second task produces stronger forgetting across all
tested network sizes.

These results position differentiable resistor networks as
compact and physically interpretable test beds for continual
learning in tunable matter. Future work should extend the
framework to longer task sequences, richer task families, con-
trolled source—target graph distances, larger networks with
matched convergence criteria, and locality-constrained learn-
ing rules closer to physical hardware implementation.
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