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Abstract

Animals survive in dynamic environments changing at arbitrary timescales, but
such data distribution shifts are a challenge to neural networks. To adapt to
change, neural systems may change a large number of parameters, which is a
slow process involving forgetting past information. In contrast, animals leverage
distribution changes to segment their stream of experience into tasks and associate
them with internal task abstracts. Animals can then respond flexibly by selecting
the appropriate task abstraction. However, how such flexible task abstractions may
arise in neural systems remains unknown. Here, we analyze a linear gated network
where the weights and gates are jointly optimized via gradient descent, but with
neuron-like constraints on the gates including a faster timescale, nonnegativity,
and bounded activity. We observe that the weights self-organize into modules
specialized for tasks or sub-tasks encountered, while the gates layer forms unique
representations that switch the appropriate weight modules (task abstractions). We
analytically reduce the learning dynamics to an effective eigenspace, revealing
a virtuous cycle: fast adapting gates drive weight specialization by protecting
previous knowledge, while weight specialization in turn increases the update rate
of the gating layer. Task switching in the gating layer accelerates as a function
of curriculum block size and task training, mirroring key findings in cognitive
neuroscience. We show that the discovered task abstractions support generalization
through both task and subtask composition, and we extend our findings to a non-
linear network switching between two tasks. Overall, our work offers a theory of
cognitive flexibility in animals as arising from joint gradient descent on synaptic
and neural gating in a neural network architecture.

1 Introduction

Humans and other animals show a remarkable capacity for flexible and adaptive behavior in the
face of changes in the environment. Brains leverage change to discover latent factors underlying
their sensory experience [Gershman and Niv, 2010, Yu et al., 2021, Castafién et al., 2021]: they
segment the computations to be learned into discrete units or ‘tasks’. After learning multiple tasks,
low-dimensional task representations emerge that are abstract (represent the computation carried
invariant to the current sensory content) [Bernardi et al., 2020] and compositional [Tafazoli et al.,
2024]. The discovery of these useful task abstractions relies on the temporal experience of change,
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and in fact, brains struggle when trained on randomly shuffled interleaved data [Flesch et al., 2018,
Beukers et al., 2024].

In contrast, while artificial neural networks have become important models of cognition, they perform
well in environments with large, shuffled datasets but struggle with temporally correlated data and
distribution shifts. To adapt to changing data distributions (or ‘tasks’), neural networks rely on
updating their high-dimensional parameter space, even when revisiting previously learned tasks —
leading to catastrophic forgetting [McCloskey and Cohen, 1989, Hadsell et al., 2020]. One way
to limit this forgetting is through task abstractions, either provided to the models [Hummos et al.,
2024] or discovered from data [Hummos, 2023]. In addition, adapting a model entirely by updating
its weights is data-intensive due to high dimensionality. Task abstractions simplify this process by
allowing updates to a low-dimensional set of parameters, which can be switched rapidly between
known tasks, and recomposed for new ones. However, despite the advantages of task abstractions,
simple algorithms for segmenting tasks from a stream of data in neural systems remain an open
challenge.

This paper examines a novel setting where task abstractions emerge in a linear gated network model
with several neural pathways, each gated by a corresponding gating variable. We jointly optimize the
weight layer and gating layer through gradient descent, but impose faster timescale, nonnegativity,
and bounded activity on the gating layer units making those parameters closer conceptually to neurons.
We find two discrete learning regimes for such networks based on hyperparameters, a flexible learning
regime in which knowledge is preserved and task structure is integrated flexibly, and a forgetful
learning regime in which knowledge is overwritten in each successive task. In the flexible regime,
the gating layer units align to represent tasks and subtasks encountered while the weights separate
into modules that align with the computations required. Later on, gradient descent dynamics in the
gating layer neurons can retrieve or combine existing representations to switch between previous
tasks or solve new ones. Such flexible gating-based adaptation offers a parsimonious mechanism for
continual learning and compositional generalization [Butz et al., 2019, Hummos, 2023, Qihong Lu
et al., 2024, Schug et al., 2024]. Our key contributions thus are as follows:

* We describe flexible and forgetful modes of task-switching behavior that arise in neural
networks and analytically identify the effective dynamics that induce the flexible regime.

* The model, to our knowledge, is the first simple neural network model that benefits from
data distribution shifts and longer task blocks rather than interleaved training [Flesch
et al., 2018, Beukers et al., 2024]. We also provide a direct comparison to human behavior
where task switching accelerates with further task practice [Steyvers et al., 2019].

* We generalize our findings to fully-connected deep linear networks. We find that
differential learning rates and regularization on the second layer weights are necessary and
sufficient for earlier layers to form task-relevant modules and later layers to implement a
gating-based solution that selects the relevant modules for each task.

* We extend our findings to non-linear networks. As a limited proof of concept, we embed
such a layer in a non-linear convolutional network learning two-digit classification tasks.

2 Related work

Cognitive flexibility is a set of abilities allowing brains to adapt behavior in response to change
[Miller and Cohen, 2001, Egner, 2023, Sandbrink and Summerfield, 2024]. Neural network models of
cognitive flexibility frequently represent knowledge for different tasks in distinct neural populations,
or modules, which then need to be additionally gated or combined [Musslick and Cohen, 2021, Yang
et al., 2019]. Several models assumed access to ground truth task identifiers and used them to provide
information about the current task demands to the network [Kirkpatrick et al., 2017, Masse et al.,
2018, Yang et al., 2019, Wang and Zhang, 2022, Driscoll et al., 2024, Hummos et al., 2024]. Indeed
having access to task identifiers facilitates learning, decreases forgetting, and enables compositional
generalization [Yang et al., 2019, Masse et al., 2022, Hummos et al., 2024]. Such works sidestep the
problem of discovering these task representations from the data stream.

Other models train modular neural structures end-to-end, such as mixture-of-experts [Jacobs et al.,
1991, Jordan and Jacobs, 1994, Tsuda et al., 2020], or modular networks [Andreas et al., 2016, Kirsch
et al., 2018, Goyal et al., 2019]. A fundamental issue is the ‘identification problem’ where different



assignments of experts to tasks do not signi cantly in uence how well the model can t the data,
making identi cation of useful sub-computations via specialized experts dif cult [Geweke, 2007].
Practically, this results in a lack of modularity with tasks learned across many experts [Mittal et al.,
2020] or expert collapse, where few experts are utilized [Krishnamurthy et al., 2023]. Recent work
used a surprise signal to allow temporal experience to adapt learning [Barry and Gerstner, 2022].
Our model proposes simple dynamics that bene t from the temporal structure to assign sub-tasks to
modules.

Our work builds on the theoretical studylafear networks which exhibit complex learning dynamics,

but are analytically tractable [Saxe et al., 2013, 2019]. Prior work examined how gating alleviates
interference [Saxe et al., 2022], but gating was static and provided as data to the network. We
generalize this line of work by showing how appropriate gating emerges dynamically. More recently,
Shi et al. [2022] analyzed specialization of a linear network with multiple paths when tasks are
presented without blocking and gates, and Lee et al. [2024] studied the effects of a pretraining period.
We consider continual learning with a blocked curriculum. Schug et al. [2024] proved that learning a
linear number of (connected) task module combinations is suf cient for compositional generalization
to an exponential number of module combinations in a modular architecture similar to ours. Instead,
we explicitly study the interaction between task learning and gating variable update dynamics.

3 Approach

3.1 Setting

We formulate a dynamic learning problem consistindvof
distinct tasks. At each time stepghe network is presented
with an input and output paix(t);y’™ (x (t))) sampled from
the current taskn. Tasks are presented in blocks lasting a
period of time g before switching to another task sequentially
(Fig. 1A). Models are never given the task identityor task
boundaries.

Speci cally, we consider a multitask teacher-student setup
in which each task is de ned by a teachét’™, which
generates a ground truth lalyel™ = W M x with a Gaussian

i.i.d. inputx at every point in time. We randomly generate
the teachers to produce orthogonal responses to the same
input. While orthogonal tasks simplify theoretical analysis,
we generalize to non-orthogonal tasks in Appendix A.9.

3.2 Model Figure 1: The open-ended
learning setting and the modeling

We study the ability of linear gated neural networks [Sa@®proach. ~A. Example of the
et al., 2013, 2022] to adapt to teachers sequentially. We uddagked curriculum with two tasks.
one-layer linear gated network with student weight matricesB. Neural Task Abstraction (NTA)
WP 2 Rdbu dn together withP scalar variables? 2 R Mmodel update8V P through gradient
which gate a cluster of neurons in the hidden layer (Fig. 1BJescent, but also the gating variables

q c?, leading to task abstractions
The model outpuy 2 R reads » emerging in the gating layer.

y = c®W Px: (1, NTA)
p=1

Since thet® variables will learn to re ect which task is currently active, we refer to their activation
patterns asask abstractionsWe refer to a student weight matrix together with its corresponding
gating variable as path

We refer to this architecture as the Neural Task Abstractions (NTA) model when the following two
conditions are met during training: rst, we update both the weigtit® and the gating variables

c? via gradient descent, but on a regularized loss fundtion Liask+ Leg. Second, we impose

a shorter timescale for the gatesthan for the weights,,, i.e. . <  (although this condition
becomes unnecessary if the task is suf ciently high-dimensional, see Appendix A.2).



Figure 2: Joint gradient descent on gates and weights enables fast adaptation through gradual
specialization.Learning on the blocked curriculum from Fig. 1 with=0:03, , = 1:3, and block
length g = 1:0. x-axis indicates time as multiples of . (BlacK Flexible NTA model Eq. (1, NTA),
(gray) forgetful NTA model with ¢ =  and nonneg= norm = 0. Simulation averaged over 10
random seeds with standard error indicat&édlLoss of both models over tim&. Gate activity of
exible NTA. C. Student-teacher weight alignment >™ W Pl normalized and averaged over rows
(cosine similarity) for each student-teacher pBir, E. Norm of updates t& P andc. Dashed norm

of students correlating with update sizecofr. Time toL sk = 0:1 for both models over blocks.

. P . .
The task loss is a mean-squared elrgex = = id"“‘k(yi-’rn yi)%i where the average is taken
over a batch of samples. The regularization loss contains two compdnggts  normL norm +
nonnegl- nonnegWeighted by coef cients nom; nonneg The normalization term bounds gate activity,

L horm = 1—7'_.)(jj cjjk  1)?, where we considek = 1;2. The nonnegativity term favors positive gates

L nonneg = 5:1 max(0; c”). Together, these regularizers incentivize the model to function as

an approximate mixture model by driving solutions towards any convex combination of different
students without favoring specialization (see Appendix B.3 for details).

Assuming small learning rates ; |, (gradient ow), this approach implies updates of

Cd:dth: r eol; Wd=dth: r wel

where . and ,, are time constants of the model parameters. We initidlZ&as i.i.d. Gaussian
with small variance ?=d,, =0:0landc® = =.

Code for model and simulations at: https://github.com/aproca/neural_task_abstraction

4 Task abstractions emerge through joint gradient descent

We train the model with fast and bounded gated/brr 2 alternating tasks (Fig. 1A) and use two
pathsP =2 for simplicity (for theP 7 M case, see Fig. 3 and Appendix A.3). As a baseline, we
compare to the same model but without gate regularization and timescales difference.

Both models reach low loss in early blocks, but only exible NTA starts to adapt to task switches
increasingly fast after several block changes (Fig. 2A,F). Analyzing the model components reveals
what underlies this accelerated adaptation (Fig. 2C,D): in early blocks of training, zero loss is reached
through re-aligning both studerit¢ P to the active teachéW ™ in every block, while the gates

cP are mostly drifting (Fig. 2B). Reaching low loss is furthermore only achieved towards the end
of a block. Later, the weights stabilize to each align with one of the teachers (Fig. 2C,D), and the
appropriate student is selected via gate changes (Fig. 2B), reducing loss quickly. The rate at which
gates change correlates with the alignment and magnijfWléjj of the learned weights (Fig. 2C,E).
Overall, this points towards a transition between two learning regimes: rst, learning happens by
aligning student weight matrices with the current teacher, which wéarghtfulbecause it overwrites
previous weight changes. Later, as the weights specialize, the learned represeWatioas be
rapidly selected by the gates according to the task at hand, re ecting adaptation éxatlis. Only



the model equipped with fast and bounded gates ( exible NTA) is able to enter this exible regime
(Fig. 2A,F).

Next, we verify that the task
abstractions in the gating variables
are general, in the sense that they
support compositional generalization.
We consider two settings that begin
by training a model with three
paths on three teachers A, B, and
C in alternating blocks, and then
training on novel conditions. Itask
composition the novel conditions are
the teachers' additive compositions
A+B, A+C, B+C (Fig. 3A), we see
that the exible NTA model trains
on these combinations much faster
(Fig. 3C). Insubtask composition
the novel conditions are combinations

of the rows of different teachers, i.e. . . . .
we break the teachers A, B, C intd-igure 3: Flexible model generalizes to compositional

rows and select from these rows t&@Sks.  A. Task composition consists of new tasks
compose new tasks. (Fig. 3B). ifhat sum sets of teachers previously encounterefl.

the subtask composition case, weubtask composition consists of new tasks that concatenate
use a more expressive form of th@lternating rows of sets of teachers previously encountered.
gates in the model that can contror0SS of models trained on generalization to task composition
each row of the student matrice&C.) and subtask compositiod() for the exible (black) and

WP individually. We nd that, forgetful (gray) NTA. "New tasks' indicates the start of the

in the exible regime, the model 9eneralization phase when the task curriculum is changed to
quickly adapts to the introductionCycle through the compositional tasks.

of compositional tasks, while the

forgetful model with regularization removed does not (Fig. 3C,D). For more details and extended
analysis, see Appendix A.8.

We devote the next section to identifying what factors support the exible regime of learning.

5 Mechanisms of learning exible task abstractions

We observed in Fig. 2 that simultaneous gradient descent on weights and gates converges to a exible
regime capable of rapid adaptation to task changes. But what mechanisms facilitate this solution? We
here leverage the linearity of the model to identify the effective dynamics in the SVD space of the
teachers, in which we describe the emergence and functioning of the exible regime.

5.1 Reduction to effective 2D model dynamics

For simplicity, we consider the case with oty = P = 2 teachers and students. We take a similar
approach to Saxe et al. [2013], and project the student weights into the singular value space of
the teachers for each modeindividually, yielding a scalaw?, = u®™! W Py®™ “Each pair of
components thus reduces to a 2D stafe= c'w?! + c?w?, where we stack?, into a vector along

the indexm and omit in the following for readability (Fig. 4A). A similar projection is possible in
terms of the row vectors of both teachers (Appendix A.1.1).

The essential learning dynamics of the system can therefore be described as

d ?m .
v =COT O Leawl 7 ) el )

wherey®™ describes the output of the currently-active teaaherin Appendix A.1, we show
analytically and through simulations that this reduction is exact when gradients are calculated over
many samples.



Figure 4: Mechanism of gradual task specialization in effective 2D subspace. &ketch of the
reduced model and dynamic feedback. Out-of-subspace students gradually align to teacher axes.
B. Trajectories of student weight matricdsi(e, oranggin the teacher subspace during complete
adaptation following a context switch from teacher 1 to teacher 2 in the exible regbray stripes
indicate associated gate activation. The student weight matrices movedittléke (B), but for

the forgetful regime. Student weight matrices entirely remap and gates do not tum Gffadient

of the task loss ow” as a function of the weight alignmeri. Trajectories in the specialization
subspace as a function of gate timescale for valyes0:1; 0:18; 0:32; 0:56; 1:00 comparing €olor)
simulations anddashed blackanalytical predictions from exact solutions under symmetry in the
exible regime. Simulations begin from initial conditions of complete specialization and separation
wh = pm, P = 1 and follow a complete adaptation from teacher 1 to teacher 2 over the course of
a block, reaching. ;ask< 10 2 forall ..

5.2 Specialization emerges due to self-reinforcing feedback loops

The exible regime is characterized by students that are each attuned to a single teacher (Fig. 4B),
whereas in the forgetful regime, both students track the active teacher together (Fig. 4C). We can
describe this difference by studying the specialization of the students. We de ne this by considering
the difference in how represented the teachers are in the two paths: for teasher lwp:1 szz

and, for teacher 2y, := W52, wP-, . Similarly, a hallmark of the exible regime are separated
gates. Together, this de nes the speC|aI|zat|on subspace

W= %(Wl + Wo); (3) c=ct & 4)
The system is in the exible regime when absolute values @ndc are high (approaching 1), and in
the forgetful regime when they are low (around 0). In this section, we study the emergence of the
exible regime through self-reinforcing feedback loops, with specialized students and normalizing
regularization leading to more separated gates, and separated gates in turn leading to more specialized
students. In each subsection, we rst describe the effect of the feedback loops on the paths individually,
before considering the combined effect on specialization. Without loss of generality, we consider
cases where the studgmspecializes for teachen.

5.2.1 Specialized students and regularization encourage fast and separated gates

We rst investigate the in uence oivP on (j’—tcp. From the gate update in Eq. (2), we get

" + "2 Wpl W?z r e Lreg; (5)

where we decomposed the erfor= y”™ vy into the teacher basis as coef cierits = iy ?m

The feedback between students and gates enters here in two terms, as can be seen by expressing
wPhw?™ = jiwPjjjiw®™jj cos{ (wP;w’™)), where\ denotes the angle between two vectors. As
observed in Fig. 2, both thaignmentbetween students and teacheos { (wP;w’™)) and the
magnitudeof the studentg§wPjj control the gate switching speed.



As the vectorsvP are formed from the students' singular values, they scale proportionally to the

bare matrix entrie8V, for random initialization (Marcenko-Pastur distribution). Early in learning,

the small initialization will therefore attenuate gate changes by prolonging their effective timescale
cIjwPjj (or equivalently, lower their learning rate).

As we demonstrate in Fig. 4D, these effects apply to both activation and inactivation of the gates,
depending on the direction of the current ertbw?m 2 0.

The regularization in the system introduces a feedback loop betetemndc?. In practice, the
system quickly reaches a regime Whe,ge both geitese positive. In this case, the reglglarlzatlon term
using thel.1-norm becomes ¢ Lreg/ p0 & 1, reaching a minimum along the line 0o =1,

In order to minimize the regularization loss, the upscaling of one@gpast0:5 will result in the

downscaling of the other galﬁo, and vice versa. We note that this regularization term does not favor
specialization by itself since the network can also attain zero loss in the unspeci ed forgetful solution
with, for instanceg! = ¢ = 0:5.

The above dynamics mean that differences in student alignment separate the gates, as described by

dc

‘dt

We therefore see that the differences in gate activation are driven by the difference in specialization
in the two componenta; andw, and corresponding error componettsand”,. Since the error

components are of opposite sign following a context swi%h‘s maximized when the students are
maximally specialized.

=wi"t W' (6)

5.2.2 Flexible gates protect learned specialization

We now study the in uence of® on é’—twp. The gates allow for a switching mechanism that does
not require a change in the weights. When continuing gradient descent on all parameters however,
Eq. (1) will also entail a nite update to the wrong student.

If we Taylor-expand the update to second order, this update reads

d 1 d d

ZwP e 2 P il .

w g W c? 5 aC c? . dt: ©)
The rst summand of the second term re ects the protection that arlses from changes in gating
at dep = wrl": atask switch t(y°m =(0; 1) incurs an errof / ( 1; 1) For a specialized, but

now incorrect studerwP / (1, O) this term become#cp = wPl " < 0for the incorrect student.

Together with the decreasing error in the last t%m, this reduces the student update from the
leading-order rst ternt". Importantly, this protection effect grows over training as the student's
contribution to the errowP! " increases.

Alongside protection, exible gates also accelerate specialization, as can be seen by congidaring
specialization space,

WS = Jeth ") ®

This equation shows that the students specialize through two factors: the difference in error between
the two components; ", and the difference in gate activatiors c*

5.3 Exact solutions to the learning dynamics describe protection and adaptation under
symmetry in the exible regime

In this section, we study exact solutions to the learning dynamics in Eq. (6) and Eq. (8) to describe
the behavior of the model as it switches between tasks when it is already in the exible regime. To
solve the differential equations, we require the condition of symmetry whierew; = w,.This
condition is approximately true for specialized states in the exible regime when (see Fig. A.10), and
its persistence is theoretically guaranteed in the limit of stiohgegularization.



We use the method presented in Shi et al. [2022] to solve the resulting dynamics of the ratio between
the expressions faf¢ and 4%

cdc __ w("t "2)

e, M1 2 (9)

wdw T c("1 ")

which is a separable differential equation which can be solved up to an integration constant (see
Appendix A.7.2). Plugging in initial conditions that correspond to complete specialization in the
exible regime c(0) = w(0) = 1, we obtain the exact dynamics wfas a function ot over the

course of a block,

1 ) (10)

This analytical solution accurately describes adaptation in the exible regime (Fig. 4E). The
relationship highlights the role of a shorter gate timescalea protecting the student's knowledge.
Learning that comes from both students specializing towards the current teacher occurs outside of
this subspace and becomes more important for lofgee Appendix A.7.3).

6 Quantifying the range of the exible regime across block length,
regularization strength, and gate speed

To assess the roles of block length,
regularization, and fast gate timescale
(inverse gate learning rate) in

establishing the exible regime, we

run two grid searches over the gate
learning rate/regularization strength
and block length each task is trained
on, keeping the total time trained

constant (such that models trained
on shorter block lengths are trained
over more block switches but equal

amounts of data). For each set ofjgure 5: Model specialization emerges as a function
hyperparameters we compute thgf plock length, gate learning rate, and regularization
total alignment (cosine similarity)strength. The colorbar indicates total alignment (cosine

between the entire concatenated Sgfmilarity) between all sets of students and teachers
of teachers and students as a singi®nsidered collectively.

overall measure of specialization in

the network weights at the end of

learning. We identify the boundaries of the exible regime where specialization emerges in our
model, dependent on block length, gate timescale, and regularization strength (Fig. 5). A priori, the
block length dependence is surprising, as one might expect additional time spent in a block to be
reversed by the equally-long subsequent block. However, we show in Appendix A.6 that gating
breaks this time-reversal symmetry, and specialization grows with block lepdthr xed overall
learning timet.

7 Inducing the exible regime in a deep fully-connected neural network

Our NTA model uses a low-dimensional gating layer that gates computations from student networks.
We sought to understand the necessity and role of this structure and to demonstrate a more general
form of the model in a deep linear network with no architectural assumptions. Based on the analysis
and results so far (Fig. 4D,5), we impose regularization and faster learning rates on the second layer
of a 2-layer fully-connected network. Behaviorally, this network shows the signatures of the exible
regime with adaptation accelerating with each task switch experienced (Fig. A.4A).
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