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Abstract

Sequence schemas are abstract, reusable knowledge structures that facilitate rapid
adaptation and generalization in novel sequential tasks. In both animals and hu-
mans, shaping is an efficient way to acquire such schemas, particularly in complex
sequential tasks. As a form of curriculum learning, shaping works by progressively
advancing from simple subtasks to integrated full sequences, and ultimately en-
abling generalization across different task variations. Despite the importance of
schemas in cognition and shaping in schema acquisition, the underlying neural
dynamics at play remain poorly understood. To explore this, we train recurrent
neural networks on an odor-sequence task using a shaping protocol inspired by
well-established paradigms in experimental neuroscience. Our model provides
the first systematic reproduction of key features of schema learning observed in
the orbitofrontal cortex, including rapid adaptation to novel tasks, structured neu-
ral representation geometry, and progressive dimensionality compression during
learning. Crucially, analysis of the trained RNN reveals that the learned schema
is implemented through sequence attractors. These attractor dynamics emerge
gradually through the shaping process: starting with isolated discrete attractors
in simple tasks, evolving into linked sequences, and eventually abstracting into
generalizable attractors that capture shared task structure. Moreover, applying
our method to a keyword spotting task shows that shaping facilitates the rapid
development of sequence attractor schemas, leading to enhanced learning efficiency.
In summary, our work elucidates a novel attractor-based mechanism underlying
schema representation and its evolution via shaping, offering new insights into the
acquisition of abstract knowledge across biological and artificial intelligence.

1 Introduction

Imagine taking the subway in a new station: you can effortlessly anticipate the sequence of events -
entering the station, purchasing a ticket, scanning it, waiting for the train, and boarding. This ability
stems from an abstract knowledge structure encoded in your brain [[1]], which organizes the typical
order and relationship among these events, commonly referred to as a schema. Schemas facilitate
rapid learning [2} 3], flexible decision-making [4], and efficient generalization [3} |6l [7]], forming the
foundation of cognitive flexibility and generalization in both animal and human intelligence [3]. How-
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Figure 1: Schematic of learning sequence schema via Shaping. (a) A dolphin example. Task primitive
learning: the dolphin learns basic actions independently, such as holding a ball and passing through a
hoop. Task sequence learning: it learns to order these actions temporally - holding the ball first, then
passing through the hoop. Task schema learning: exposure to different ball and hoop types allows
the dolphin to develop generalizable schemas, enabling adaptation to similar tasks. (b) A neural
dynamical hypothesis. Task primitive learning: Neural systems acquire basic attractor structures
(e.g., discrete attractors). Task sequence learning: These discrete attractors are temporally linked
into structured sequence attractors. Task schema learning: These sequence-specific attractors are
compressed into an abstract schema. (c) Task primitive learning: An odor-reward association task
is presented where 16 odors are linked to different rewards (red = rewarded, blue = non-rewarded).
(d) Task sequence learning: Using the 16 odors, an odor-sequence task is constructed with two pairs
of six-position sequences (S1a-S1b and S2a-S2b). Arrows show transitions between and within
sequences. (e) Task schema learning: Five new problems with the same sequence structure but novel
sets of 16 odors are introduced consecutively.

ever, despite their importance, the neural mechanisms underlying the representation and acquisition
of schemas remain poorly understood.

For simple tasks, schemas can be learned through direct trial-and-error training on related experiences.
However, for more complex sequential tasks, this approach often fails. Instead, animals and humans
typically rely on shaping - a process that decomposes complex tasks into simpler subtasks learned
incrementally 8| 9] [10]. As illustrated in Fig.[Th, teaching a dolphin to jump through a hoop while
holding a ball exemplifies this approach. The animal first learns each basic skill independently (e.g.,
jumping through a hoop, holding a ball), then practices performing them in sequence, and ultimately
generalizes the behavior across task variations (e.g., different ball colors or hoop types). Schema
learning via shaping typically unfolds in three stages [4]: (1) task primitive learning, where basic
action components are acquired; (2) task sequence learning, where these components are integrated
into structured behavioral sequences; and (3) task schema learning, where abstract regularities are
extracted across multiple structurally related tasks. While shaping has proven effective in practice,
how it supports the learning and representation of task schemas remains unclear.

Schemas, primarily represented in the prefrontal cortex (PFC) [[L 3]}, are characterized by two key
properties: low dimensionality and compositionality. The PFC is thought to support rich, low-
dimensional attractor dynamics that underlie flexible behavior - for example, continuous attractor
dynamics for sensory integration and discrete attractors for sensorimotor transformations [[12].
These low-dimensional dynamics have been proposed as neural representations of schemas and
are thought to underlie the learning-to-learn phenomena observed in primates [5]]. Schemas are also
compositional, allowing them to be reused and recombined to solve novel tasks [1]]. For instance, rats
can transfer learned spatial schemas from one context to novel memory tasks [2]]. Moreover, recent



computational studies demonstrate that basic attractor dynamics, arising from multitask learning, can
serve as primitive schemas that exibly combine to facilitate new task learning [29, 15].

Building on these propoties, we propose a dynamical perspective on schema formation through
shaping in complex sequential tasks (IFig. 1b), consisting of three stages: (1) Task primitive learning
establishes basic attractors for individual task components, such as discrete attractors; (2) Task
sequence learning integrates them into structured sequential dynamics, such as sequential attractors;
(3) Task schema learning abstracts and compresses these patterns into uni ed low-dimensional
representations that capture shared temporal and structural regularities.

Although the dynamic view of schema formation is compelling, it lacks a concrete computational
model and direct comparison with neural data. In this work, we use recurrent neural networks (RNNs)
to investigate how schema representations emerge and evolve through shaping. We validate our
approach in an odor-sequence task widely used to study schema learning in the orbitofrontal cortex
(OFC) [4]. Our main results and contributions are as follows.

(1) Our shaping-trained RNN systematically replicates key features of schema learning observed
in rats' OFC ensembles, including faster learning on novel tasks, structured task representation
geometry, and progressive dimensionality compression.

(2) The model reveals that schema representations emerge as low-dimensional sequence attractors,
composed of discrete attractors linked by some low-dimensional manifolds, offering a mechanistic
account of schema encoding and testable predictions for neuroscience.

(3) Dynamic analysis uncovers how attractor structures evolve during shaping: from isolated discrete
attractors to integrated sequence attractors, to abstract, compact attractor structure - providing a novel
dynamical mechanism of schema formation.

(4) Extending our sequence attractor-based shaping approach to the keyword spotting task shows
improved learning ef ciency, demonstrating its potential in complex, real-world tasks.

Together, our work advances the understanding of schema representation and its learning via shaping
from a dynamical systems perspective, offering new insights into how abstract knowledge arises from
experience through curriculum-like processes in both neuroscience and machine learning.

2 Experimental Background

To model schema learning under shaping conditions, we employ the odor-sequence task of schema
evolution from Zhou et all4], a study designed to investigate this process in rats using a typical
shaping protocol. In each task instance (termed a “problem”), 16 novel odors are randomly sampled
and organized into two pairs of sequences (Sla— S1b and S2a — S2b), showiql]in Fig. 1d. In each of
the six positions within a sequence, a single odor is presented, and the rat must decide if it signals a
reward. Transitions among the sequences Sla, S1b, S2a, and S2b are selected at random. Although
odor identities change in each new problem, the core sequence and reward structures remain the
same. Thus, rats need to learn this invariant task structure for rapid adaptation. Zhou et al. adopted
a shaping paradigm to train rats to learn the challenging task. (1) Task primitive learning: Initial
training on a basic odor-reward association task with 16 randomly sampled odorfs| (Fig. 1c). (2)
Task sequence learning: Introduction of a structured sequence task using the same 16 odors and the
prede ned template (Fig.|1d), requiring the rat to link learned associations into temporal sequences.
(3) Task schema learning: Introduction of ve new problems successively, each with a novel set of 16
odors following the same task structure (ffip. 1e). The main ndings of Zhou et al. are twofold: First,
rats exhibit increasingly faster learning of new problems with more experience. Second, population
activity in the OFC becomes progressively lower-dimensional and forms increasingly structured
patterns that re ect the underlying task schema. However, the precise neural representation of
schemas for odor-sequence tasks and the dynamics of their evolution through shaping are still unclear.

3 Methods

3.1 Model Structure

We employ an RNN model to demonstrate schema learning via shaping on the odor-sequence task.
The RNN comprises three components: an input layer Mithnits, a recurrent layer witN units,



and an output layer witK units, as illustrated in Fig. 2a. At tinte given an input stimulus vector
Im (1), the total inputx,, (t) to recurrent unih evolves according to the following dynamics:

X hd
dxdnt(t)= Xn(+  Wetri @+ Won Im(0); 1)

j=1 m=1

here, W" andW'¢ represent the input-to-recurrent and recurrent-to-recurrent weight matrices,
respectively. The activation of the umitis computed as, (t) = tanh( x,(t)), and denotes the
time constant.

The outputyy (t) of unitk is given by:

X
ye() = WGt (b): (2)
n=1

The output layer linearly reads out the RNN's activity to generate task-relevant predictions, including
odor classi cation and reward prediction, depending on the shaping stage. The recurrent-to-output
weight is denoted by °!t. The RNN is simulated using Euler's method of numerical integration.

3.2 Task Design and Shaping Procedure

In the odor sequence task, each odor stimulus is represented as a one-hot vector of dikhen€6n

with the non-zero entry set to 20 (see Appendix Sec.A for details). Each stimulus presentation lasts
Ts =5 steps. Following the shaping paradigm of Zhou et4jl.the RNNs undergo training across
three stages, detailed below.

Task Primitive Learning. In this stage, RNNs are trained on a simple prediction task that learn

to associate individual odors with corresponding reward outcomes. Each 15-step trial includes a
5-step delay, a 5-step odor stimulus, and a 5-step delay, and is corrupted by Gaussian white noise
with a mean of 0 and a variance of 1. The OFC exibly encodes task-relevant variables, including
odor rewards and identitied §, 17]. As both are required in this task, the model's output layer
comprise = 18 units: a 2-dimensional reward prediction veg*@{t) and a 16-dimensional

odor classi cation vectof©@s{t). For rewarded odorg'"“2qt) = [2 : 0]; for non-rewarded odors,
yrewardt) = [0 ; 2]. Odor identity is encoded as a one-hot vectopi{t). Output units are required

to be at zero before the odor stimulus appears, transition to target values during presentation, and
remain there until it ends (Fig.S1). This target sequence mimics the ramping dynamics observed in
cortical circuits during decision-makind§]. Finally, the loss function used during task primitive
learning is de ned as a regression loss:

1 X Xt
Li= 3 Yool 90 T+ T yac(d) 9 ®
t=1 t=1

The total loss is balanced between reward prediction and odor identity classi cation by a weighting
factor , which we setto 0.5 here.

Task Sequence Learning During this stage, RNNs, having been pretrained in the task primitive
learning phase, undergo further training in an odor-sequence problem. As described in Sec. 2 and
Fig. 1d, the same 16 odors from the previous stage are organized into four sequences. Taking Sla as
an example, each 90-step sequence trial comprises six odor stimuli presented at intervals sampled
from a uniform distribution between 5 and 10 steps, mimicking experimental varialf]ityp

simulate sensory noise, the entire input stream is corrupted with Gaussian noise (mean = 0, variance
=1). As odor identities in the sequence task become unreliable predictors of reward (illustrated by
odor 13 indicating different rewards at P4 and P5), the network shifts its prediction target to only
reward outcomes. Consequently, the output layer is simpli &d te 2 units, representing only the
reward prediction vecta'®"@qt), with the same values as in the task primitive learning setup. At

the start of the sequence, all output targets are set to zero. Upon stimulus presentation, the outputs
transition to their target values and hold them until the next odor appears, at which point they update
accordingly. The loss function is de ned as:

% 2
La=Z=  y@t) yeqy 4)



Task Schema Learning As shown in Fig. 1e, the pretrained RNN from the previous stage is further
trained on a series of odor-sequence problems sharing the same underlying structure. For each task,
16 new one-hot vectors with the active entry set to 20, different from those in the previous task, are
selected from the 96-dimensional odor space. All other task parameters, including sequence duration
and background noise level, remain consistent with those in task sequence learning. The network
continues to predict only reward outcomes, with the loss de ned as:

X
=30 v 9oty ©
t=1

Across all three stages, we use the Adam optimizer. See Appendix Sec.A for more training details.

4 Results

4.1 Learning-to-learn and Structured Task Representation Emerge in Shaping-Trained RNNs

Figure 2: Behavior and representation in RNNSs via shaping. (a) RNN architecture. A three-layer
network (input, recurrent, output). The input is a 96-dimensional odor stimulus vector. The output
layer predicts reward and odor class. (b) During task schema learning, the number of training
trials for the shaped RNN to reach a performance criterion across consecutively presented problems
(10 seeds per problem).The dashed line represents the polynomial t. (c-d) Dissimilarity matrices.
Representational dissimilarity matrices (RDM) of OFC ensembled[@rid RNN hidden activities

(d). Each matrix shows the distance between the neural/model representations of all pairs of trial
types (24 total, 6 per sequence) across sequences and positions. (e) Pearson correlation between the
experimental and model RDMs. Blue indicates RNNs trained with shaping, and pink indicates those
without. Results are averaged over 10 seeds. See Appendix Sec.A for detailed parameters.

Schemas are proposed to encode abstract, generalizable knowledge, enabling faster learning in novel
situations P, 4]. To demonstrate this, we train an RNN using the shaping process described in
Sec. 3.2. The RNN rst learns a simple odor-reward association task until the training loss falls
below 0.05, followed by an odor-sequence task using the same odors, again trained until the loss falls
below 0.05. It is then exposed to a series of novel tasks that share the same task structure but involve
entirely new stimuli. Importantly, no explicit meta-learning objective is used. During this task schema
learning phase, the RNN exhibits learning-to-learn behavior: the number of trials required to reach
the criterion decreases signi cantly across problems (Fig.2b). An exponential t reveals a clear trend
of accelerated learning, suggesting the RNN utilizes prior knowledge for more ef cient adaptation.
This pattern mirrors learning-to-learn behavior observed in rats performing the odor-sequence task.

A hallmark of schema learning observed in rats' OFC is the emergence of structured neural represen-
tations @], as shown in Fig.2c. To assess this in our model, we replicate the experimental analysis by
computing pairwise distances between trial types in the RNN's hidden state space across positions
and sequences, yielding 24 24 RDM (see Appendix Sec.C.1 for details). This RDM re ects the



structured geometry of the task representation space. As shown in Fig.2c,d, the RNN's RDM closely
aligns with that observed in the OFC. Quantitatively, the Pearson correlation between the model and
the experimental RDM excee@8% (Fig.2e), indicating that the RNN captures the hierarchical task
representation structure and exhibits a representational geometry similar to OFC (see Fig.S2). To
test the role of shaping, we conduct an additional control experiment in which the RNN is trained
directly on a set of odor-sequence problems without shaping. This control model exhibits markedly
lower correlation with OFC ensembles than shaped RNNSs, indicating that shaping is important for
the emergence of structured task representation in the RNN.

4.2 Low-Dimensional Sequence Attractors Serve as Schema for Generalization

Figure 3: Dimensionality and Attractor Dynamics in a Shaped RNN. (a) Cumulative variance of
RNN activity explained by principal components (PCs). Dashed line marks the top three PCs.(b) Di-
mensionality compression over time in the RNN across ve odor-sequence problems. Dim.red.index,
dimensionality reduction index - is the normalized variance explained by the top three PCs. Shaded
areas indicate the standard error of the mean averaged across 20 seeds. (c) Dimensionality compres-
sion over time in rat OFC across two odor-sequence probléh{d) PCA visualization of neural
trajectories for four sequences (Sla, S1b, S2a, S2b) in the shaped RNN, projected onto the top three
principal components. Six xed points per sequence were identi ed via optimization-based analysis.
(e) Zoom-in of the shaded area in (d). Black arrow: empirical transition direction at the odor 12 xed
point. Green arrow: principal eigenvector; gray arrows: other eigenvectors of the Jacobian matrix at
odor 12. (f) Top: Eigenvalue spectrum of the Jacobian at the odor 12 xed point. Bottom: Maximum
eigenvalues across all 24 xed points, with the red dot indicating the one corresponding to odor 12.
See Appendix Sec.A for detailed parameters.

Our brains can reduce the dimensionality of neural representations during schema formation by
averaging unique problem details while preserving cross-problem commondjtids examine

this in our RNN, we perform PCA on hidden activities during task schema learning. Fig. 3a shows
the network dynamics reside in a low-dimensional subspace, with the top three PCs explaining nearly
80% of the variance. We further track dimensionality change over learning. Fig. 3b shows that the
explained variance of the top 3 PCs progressively increases within and across problems, indicating
dimensionality compression of neural activity over learning, similar to OFC activity in rats (Fig. 3c).

Together, these ndings suggest that a low-dimensional schema code emerges in RNNSs trained via
shaping, evident in both behavior and representation. However, the underlying neural dynamics of
this code remain unclear. To investigate this, we visualize the RNN's state dynamics using PCA.
As shown in Fig.3d and Fig.S3, the four sequences (Sla, S1b, S2a, and S2b) form distinct low-
dimensional trajectories in the RNN state space. Using optimization-based xed point ana§sis [

we identify six xed points along each trajectory, each xed point corresponding to a speci ¢ odor's
position within the sequence (detail methods see Appendix Sec.C.2). Sequences sharing similar
reward and transition structures (e.g., Sla, S1b, S2a) have close trajectories, indicating abstraction
of representations with structural commonalities. To probe the stability of these xed points, we



examine the eigenvalues of the local Jacobian matrix (Fig. 3f). All maximal eigenvalues are below
1, indicating that the xed points are locally stable and act as attractors. Notably, the principal
eigenvector - associated with the largest eigenvalue - aligns with the direction of sequential transitions
(Fig. 3e), suggesting it mediates movement along the trajectory.

These results reveal that the RNN encodes odor sequences as sequence attractors - sequences of
stable xed points connected by low-dimensional manifolds. Through a perturbation study (Fig.S4),

we further demonstrate that this sequence attractor schema serves as a reusable exible template,
enabling new odor cues to bind and thereby facilitating ef cient generalization in novel situations.

4.3 Gradual Emergence of Sequence Attractor Schema Through Shaping

Figure 4: Evolution of attractor dynamics in RNNs during shaping. (a - ¢) Task primitive learning. (a)
PCA visualization of identi ed xed points; red = rewarded states, blue = non-rewarded. (b) Stability
analysis of xed points: top, eigenvalue spectrum of a sample odor 8; bottom, maximal eigenvalues
across xed points. (c) Learning ef ciency in the subsequent sequence learning stage, comparing
models with and without prior task primitive learning, averaged over 5 seeds. Note that the total trial
number to criterion includes both task primitive and sequence learning stages for a fair comparison.
(d - f) Task sequence learning. (d) PCA visualization of attractor dynamics reveals the gradual shift
of the discrete attractor for odor 1 (primitive learning) toward its position in the sequence attractor
associated with S1a. Green curve: neural trajectory of Sla. Solid circle: prior attractor from task
primitive learning; hollow circles: attractors of S1a sequence. (e) Zoom-in on the learning trajectory
of the odor 1 attractor. (f) The average Euclidean distance between evolving attractor states and
their corresponding locations of sequence attractors (task sequence learning) over training epochs
(averaged over 5 seeds). (g - i) Task schema learning. (g) PCA visualization of attractor abstraction.
Green curve: converged abstract neural trajectory of Sla, S1b, and S2a. Numbered hollow circles:
prior attractors (sequence learning). Unnumbered hollow circles: attractors of the abstract trajectory
(task schema learning). (h) Zoom-in of the abstraction process in (g), illustrating the migration of
prior attractors: odor 0 at S1a, odor 2 at S1b, and odor 8 at S2a (sequence learning), toward the
abstract attractor within the nal sequence attractors (schema learning). (i) The average Euclidean
distance between attractors of corresponding sequence steps in Sla, S1b, and S2a, tracked during
problem training (averaged over 5 seeds). See Appendix Sec.A for detailed parameters.

Given that sequence attractors serve as a schema, we next investigate their evolution during shaping.
We analyze attractor dynamics across three shaping stages. First, during task primitive learning
(Fig. 4a, b), the RNN learns simple odor-reward associations and develops 16 discrete, locally stable
attractors, each representing a speci ¢ odor cue. Importantly, RNNs initialized with these prior
discrete attractors learn the subsequent task sequence signi cantly faster, requiring fewer trials to
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