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Abstract

How do learned strategies generalize to new problems? Chil-
dren who learn to count can add any two numbers by iteratively
updating a running total, even for sums they have not encoun-
tered. We trained RNNs with a working-memory readout that
tracks the progressive count at every timestep and is fed back to
maintain a running total, using problems requiring counts up to
5, and tested generalization on counts up to 9. We demonstrate
that such RNNs successfully generalize, with continuous drift
dynamics and reaction times scaling linearly with count length.
Analyzing internal dynamics, we found two emergent number-
line representations: one for rapid retrieval of the starting value,
one for slow iterative counting, consistent with graded number
representations observed in human parietal cortex. General-
ization was strongest when network activity remained within
linear regimes visited during training, providing a mechanistic
account of both successful generalization and its limits.
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Introduction
A hallmark of human cognition is the ability to generalize
learned strategies to new problems. Children who learn to
count, for instance, can add any two numbers by iteratively
updating a running total, even for sums they have never en-
countered (Geary & Burlingham-Dubree, 1989; Lemaire &
Siegler, 1995; Siegler, 1988). This capacity for algorithmic
generalization, extending a learned sequential procedure to
new contexts, is central to flexible cognition, yet its computa-
tional and neural basis remains poorly understood. In particu-
lar, it is unknown what internal representations and dynamics
allow a sequential procedure learned from limited experience
to generalize to longer sequences than those encountered dur-
ing training, a challenge known as length generalization (Anil
et al., 2022; Lake & Baroni, 2023).

To investigate this, we focused on counting-based addition,
one of the first sequential strategies children acquire (Chang
et al., 2016; Qin et al., 2014; Rosenberg-Lee et al., 2011).
In the counting-from-left strategy, a child begins at the left
operand and increments a running total once for each unit of
the right operand, stopping at the final sum. This strategy is
inherently sequential, requires maintaining and updating an
intermediate result in working memory, with harder problems
demanding longer counting sequences resulting in longer re-
action times (Geary & Burlingham-Dubree, 1989; Lemaire &

Siegler, 1995; Shrager & Siegler, 1998; Siegler, 1988).
In the brain, arithmetic recruits a distributed network in-

cluding the hippocampus, parietal cortex, and prefrontal cor-
tex (Cho et al., 2011; Menon, 2016; Rivera et al., 2005).
Graded number representations have been observed at the
population level in the human intraparietal sulcus (Harvey &
Dumoulin, 2017; Harvey et al., 2013; Nieder, 2016; Nieder
& Dehaene, 2009; Piazza et al., 2007), consistent with the
numerical distance effect: closer numbers are harder to dis-
criminate (Moyer & Landauer, 1967), suggesting the presence
of a mental symbolic number line along which calculation
unfold. While computational models have clarified how such
number-line representations emerge through learning (Mistry
et al., 2023; Strock, Liu, et al., 2025; Thompson et al., 2024;
Zorzi & Testolin, 2018), and support addition fact learning
(Strock, Mistry, & Menon, 2025), we still lack a mechanis-
tic account of how number-line representations are organized
over time during sequential counting, and which dynamics
allow a counting procedure to generalize to larger counts than
those experienced during training. Related work on general-
ization in linear recurrent networks suggests that structured
dynamics can support generalization (Elman, 1990; Orvieto
et al., 2023). However, whether and how these principles
apply to length generalization in counting remains unclear.

To address this gap, we trained a recurrent neural network
(RNN) with a working-memory readout (Strock et al., 2020)
to implement a sequential counting-from-left strategy to solve
addition problems. The working-memory component imple-
ments a linear output that reads from the network’s population
activity at every timestep, is supervised to track the progres-
sive count throughout the trial, and is fed back as input so the
network’s state continuously reflects how far along the count
it currently is. Because this feedback loop is active throughout
training, the recurrent and readout weights are co-optimized
to produce a stable, self-referential counting process during
training. We trained networks on addition problems requiring
counts up to 5 and tested generalization on counts up to 9.

Our analyses revealed two emergent number-line represen-
tations along which network dynamics drifted continuously:
one supporting rapid retrieval of the left operand, and one sup-
porting slow, iterative counting of the right operand. General-
ization was strongest when network activity remained within
linear regimes visited during training, providing a mechanistic
account of both successful length generalization and its limits.



Figure 1: RNNs generalize a counting strategy to solve addition. A. Task and RNN model schematic. Operands are provided
as constant inputs throughout the trial (left). They are processed by an RNN with feedback (middle), producing a scalar readout
that implements counting (right). Reaction time is defined as the first time when working memory stays within 0.5 of its final
value for the remainder of the trial. B-C. Model’s mean absolute error (B) and reaction time (C) when tested on all single-digit
additions with left and right operand between 1 and 9. D. Example working-memory trajectories for 𝑛 + 6 additions with 𝑛

between 1 and 9, all unseen during training. Each trajectory shows a smooth, continuous progression from the starting value n
toward the sum n + 6, followed by stabilization at the correct answer, demonstrating that the learned drift dynamics extend to
longer counts without discrete jumps.

Methods
Counting-from-left addition task
We consider single-digit addition solved using a counting-
from-left strategy. On each trial, two operands were pre-
sented as constant scalar inputs 𝑢 = [𝐿, 𝑅] throughout a
2-second trial duration, where 𝐿 is the left operand and 𝑅

is the right operand. The target output consisted of a time-
varying counting sequence that began at the left operand (𝐿)
and incremented by one every 100 ms counting step until
reaching the final sum (𝐿+𝑅), after which the sum was main-
tained for the remainder of the trial. For training, we consider
𝐿, 𝑅 ∈ ⟦1, 9⟧×⟦1, 5⟧, resulting in 45 distinct operations, and
for testing 𝐿, 𝑅 ∈ ⟦1, 9⟧ × ⟦1, 9⟧, including 36 that were not
seen during training (those with right operand 𝑅 ∈ ⟦6, 9⟧).

RNN dynamics
We consider an excitatory-inhibitory recurrent neural network
(RNN) (Song et al., 2016) of 80 excitatory and 20 inhibitory
neurons whose firing-rate activity evolves according to:

𝜏
𝑑𝑟

𝑑𝑡
= −𝑟 + 𝑓 (𝑊𝑟 +𝑊in𝑢 +𝑊fb𝑦 + 𝜉) (1)

𝑦 = 𝑊out𝑟 (2)

where 𝑟 represents the firing rate of neurons, 𝑢 the input
problem received, 𝑦 the working memory where counting
occurs, 𝜉 an additive zero-mean Gaussian noise with standard
deviation 0.001, 𝜏 = 100 ms the neuron time constant, 𝑓 the
ReLU function ( 𝑓 (𝑥) = max(0, 𝑥)), 𝑊 the synaptic strength

of connection between neurons, 𝑊in the tuning of neurons to
input problems,𝑊fb the tuning of neurons to working memory,
and 𝑊out the readout weights mapping neural activity to the
working-memory output. We simulate the dynamics using the
explicit Euler method with a timestep of Δ𝑡 = 1 ms. At the
beginning of each trial 𝑟 and 𝑦 are initialized to 0.

RNN iterative training

All analyses reported here are based on a single trained RNN
instance. Synaptic weights from excitatory and inhibitory
neurons were initialized uniformly in [0, 1[ and ] − 1, 0],
respectively, and constrained to preserve their sign throughout
training. Here, we treated both 𝑢 and 𝑦 as excitatory neurons.

After random initialization, we normalized𝑊 ,𝑊out, and the
concatenated matrix [𝑊in,𝑊fb] to each have maximal singular
value 1. Then, we rescaled excitatory weights in each row of
𝑊 so that each postsynaptic neuron received equal total active
excitatory and inhibitory incoming weights.

Finally, we trained 𝑊 , 𝑊in, 𝑊fb, and 𝑊out with Adam using
default parameters (e.g., learning rate 𝜂 = 0.001), minimizing
the mean squared error (MSE) between the produced and
desired working-memory outputs across all timesteps. To
promote intermediate counting states, we iteratively trained
the RNN to produce only the first 𝑘 × 100 ms of the desired
working-memory output, increasing 𝑘 up to 𝑘max = 6, the
maximum number of steps required to reach the sum in the
considered training range. Each stage of this iterative training,
with fixed 𝑘 , was run for 500 epochs.



Behavioral analysis
To verify that the RNN generalizes and performs counting
accurately, we use two metrics: (1) the absolute error at the
end of the trial, and (2) the reaction time, defined as the first
timestep at which the working-memory output stabilizes. As-
suming the final working-memory output is an integer, once
the output remains within 0.5 of its final value, rounding
to the nearest integer yields a stable discrete value. There-
fore we define reaction time as the earliest time 𝑡 such that
|𝑦(𝑡) − 𝑦(𝑇) | < 0.5 and remains below 0.5 thereafter, where
𝑇 denotes the final timestep of the trial.

Representational analysis
To understand how the RNN’s representations unfold over
time to implement a counting process, we performed principal
component analysis (PCA) on the firing rate activity of its
neurons (𝑟). Specifically, we projected population activity
onto the first two principal components (PC1 and PC2), which
explained 96.3% of the variance. We then examined how these
trajectories evolved over time and identified subspaces coding
for the left operand, right operand, and resulting sum.

We identified subspaces coding for the left operand, the
right operand, and the resulting sum by finding the best linear
decoding of these variables from the projection onto the first
two principal components, using activity within the first 100
ms after stimulus onset for the left operand, between 100 ms
after stimulus onset and the onset of working-memory stabi-
lization for the right operand, and after the working-memory
output stabilized for the resulting sum. For the right operand,
we removed the left-operand offset by subtracting for each
trial the principal component values at 100 ms.

Linear regimes analysis
Because the RNN uses a ReLU nonlinearity, its dynamics is
linear for any fixed set of active neurons, i.e., neurons with
nonzero firing-rate activity. This becomes explicit by ex-
pressing the ReLU as left multiplication by a time-dependent
diagonal gating matrix 𝐷 (𝑡):

𝜏
𝑑𝑟

𝑑𝑡
= −𝑟 + 𝐷 (𝑡) (𝑊∗𝑟 +𝑊in𝑢 + 𝜉) (3)

where𝑊∗ = 𝑊+𝑊fb𝑊out incorporates the working-memory
feedback directly into the recurrent dynamics, and 𝐷 (𝑡) is a
diagonal matrix with entries;

𝐷 (𝑡)𝑖𝑖 =
{

1 if 𝑖 ∈ A(𝑡),
0 otherwise,

(4)

where A(𝑡) =
{
𝑖, (𝑊∗𝑟 (𝑡) +𝑊in𝑢 + 𝜉 (𝑡)))𝑖 > 0

}
denotes

the set of active neurons at time 𝑡, i.e., neurons with positive
pre-activation and therefore nonzero ReLU firing-rate output.

When the same set of neurons is active over an interval,
i.e., A(𝑡) = A0 and 𝐷 (𝑡) = 𝐷0 in this interval, the dynamics
reduce to the linear regime:

𝜏
𝑑𝑟

𝑑𝑡
= −𝑟 + 𝐷0𝑊

∗𝑟 + 𝐷0𝑊in𝑢 + 𝐷0𝜉 (5)

We can therefore identify each distinct linear-regime by its
set of active neurons A. For visualization, we assign each
distinct set an arbitrary integer label, used only as an identifier
and with no ordinal meaning. To quantify how similar two
linear regimes are, we consider the size of the symmetric
difference between their associated sets of active neurons A1
and A2, i.e., |A1 △A2 | = |A1 \ A2 | + |A2 \ A1 |, which
represents the number of neurons whose active/inactive status
differs between the two linear regimes.

Results

RNNs implement continuous counting

Our first objective was to determine whether RNNs can learn
a sequential counting strategy. After training, performance
on the trained set was accurate across most problems, i.e.,
the mean absolute error (MAE) at the final timestep remained
below 0.5 (Figure 1B), indicating that the network typically
produced a near-correct sum by the end of the trial. In ad-
dition, the model exhibited a hallmark signature of counting:
reaction time increased approximately linearly with the right
operand (Figure 1C), consistent with the idea that larger right
operands require longer internal counting sequences.

Importantly, contrary to what was expected, this sequential
computation was not implemented as a series of discrete, step-
like state transitions. Instead, the readout evolved smoothly
throughout the trial, producing a continuous drift from the
initial value toward the final sum (Figure 1D). Thus, RNNs can
learn a counting-like procedure whose behavioral signature
resembles serial counting, but is implemented as a smooth,
continuous trajectory rather than discrete jumps.

RNNs can generalize to larger counts

Our second objective was to determine whether this sequential
strategy generalizes to unseen examples. Under a counting-
from-left strategy, the length of the required sequence is fully
determined by the right operand. We therefore focused on
generalization to larger right operands.

On held-out problems with right operands greater than 5,
the mean absolute error at the end of the trial remained below
0.5 for more than half of the operations (Figure 1B), indicat-
ing that the network can extend the learned procedure beyond
the training range. Difficulty increased with the right operand,
consistent with longer counting sequences being harder to sus-
tain. Interestingly, difficulty decreased with the left operand,
suggesting that the initial retrieved value also affects perfor-
mance.

Reaction time also increased approximately linearly for
right operands larger than 5 (Figure 1C), consistent with the
need to sustain the counting dynamics over longer sequences.
Counting remained continuous even for right operands larger
than 5, with the readout evolving via the same drift-like dy-
namics rather than discrete step-like transitions (Figure 1D).



Figure 2: RNNs implement counting as a sequential drift along two number-line representations. A-C. Principal component
(PC) analysis of population neural activity across all single-digit additions, projected onto the first two PCs (which together
explain 96.3% of variance). Trajectories are colored by left operand (A), right operand (B), and resulting sum (C), highlighting
three successive phases of computation: rapid retrieval of the left operand within the first 100 ms (A), slow iterative counting
of the right operand until the working-memory output stabilizes (B), and settling onto a two-dimensional manifold encoding the
final sum (C). D-F. Projections of the same trajectories onto the decoded linear subspaces (red axes in A-C) that best decode the
left operand (D), right operand (E, after subtracting for each trial the PC values at 100 ms to remove the left-operand offset), and
resulting sum (F). Subspace projections correlate with the left operand early in the trial (D, before 100 ms), and with the right
operand and resulting sum after counting is complete (E-F, once the output has stabilized), confirming that the two principal
components reflect distinct computational roles during initialization and counting.

RNNs count by drifting over a number line
Our third objective was to characterize the internal representa-
tion dynamics that support the counting-from-left strategy. To
do so, we used principal component analysis (PCA) to visual-
ize RNN firing-rate activity in a two-dimensional state space
across the course of a trial. In this low-dimensional projection,
trajectories were organized along three stereotyped directions,
which coded for the first operand, the second operand, and the
sum, respectively.

First, within the first 100 ms after stimulus onset, when
working memory had to be initialized to the left operand,
RNN activity rapidly moved onto a line along which position
coded for the left operand (Figure 2A). This indicates that the
RNN retrieved the left operand by rapidly drifting its working-
memory state toward this value (Figure 2D).

Then, 100 ms after stimulus onset, RNN activity progressed
more slowly along a second line, along which position coded
for the right operand after removing the left-operand offset at
100 ms (Figure 2B). This indicates that the RNN counted the
right operand iteratively by drifting its working-memory state
according to the number of required increments (Figure 2E).

Finally, once working memory stabilized, i.e., remained
within 0.5 of its final value, RNN activity occupied a two-
dimensional manifold combining these two axes (Figure 2C).
Within this manifold, the final count was represented along
a diagonal direction (Figure 2C), with position on this axis
tracking the evolving sum as counting unfolded (Figure 2F).

Together, this suggests that the counting-from-left strategy
is implemented through two continuous drifts along number-
line-like manifolds that evolve at different speeds: a fast drift
that retrieves the left operand, and a slower drift that imple-
ments the iterative counting process.

RNNs generalize counting better when activity
remains in trained linear regimes
We observed that the RNN did not generalize equally well
across all input problems. Our final objective was therefore
to identify which aspects of its dynamics predicted general-
ization to longer counts. To do this, we focused on the final
timestep of each trial, when working memory stabilized, sug-
gesting that the RNN was near a fixed-point attractor. We
then characterized the active set of neurons, i.e., the subset of
neurons with nonzero firing-rate activity (Figure 3B), which
determines the linear regime occupied by the dynamics near
this attractor (see Methods).

Intuitively, when the RNN remains within a linear regime,
changing the left and right operands should shift its fixed-point
attractor in a predictable linear way. To see this, consider the
noiseless dynamics within a fixed linear regime:

𝑑𝑟

𝑑𝑡
= 𝑊̃𝑟 + 𝑊̃in𝑢 (6)

Consider 𝑢1 = [𝐿1, 𝑅1] and 𝑢2 = [𝐿2, 𝑅2], two input prob-
lems for which the dynamics remain in this linear regime



Figure 3: Generalization is strongest when network activity remains within linear regimes visited during training. A. Model
mean absolute error on all single-digit additions, with left and right operands between 1 and 9. Problems with right operand
greater than 5 were not seen during training. B. Identity of the active neurons set (positive activation) at the final timestep of each
trial. Each integer label corresponds to a distinct configuration of active neurons, defining a unique linear regime. Problems
that engage the same active set as frequently visited training problems tend to generalize better. C. Distance from each trial’s
final active set to the most frequently visited active set during training, quantified as the symmetric difference, the number of
neurons that differ in active/inactive status between the two configurations. Generalization error increases as this distance grows,
indicating that generalization is most reliable when the network’s dynamics remain within familiar piecewise-linear regimes
learned during training.

and reach unique stable fixed points 𝑟1 and 𝑟2, respectively.
Because these fixed points nullify the dynamics, they satisfy:

𝑊̃𝑟1 + 𝑊̃in𝑢1 = 0 (7)
𝑊̃𝑟2 + 𝑊̃in𝑢2 = 0. (8)

Now consider a new input problem 𝑢3 = [𝐿3, 𝑅3] that can be
expressed as a linear combination of 𝑢1 and 𝑢2:

𝐿3 = 𝛼𝐿1 + 𝛽𝐿2 (9)
𝑅3 = 𝛼𝑅1 + 𝛽𝑅2. (10)

Assume that the dynamics also remain in this linear regime
for 𝑢3 and reach a unique stable fixed point 𝑟3. This fixed
point must be:

𝑟3 = 𝛼𝑟1 + 𝛽𝑟2. (11)

Indeed, this candidate fixed point nullifies the dynamics and
is assumed unique:

𝑊̃ (𝛼𝑟1 + 𝛽𝑟2) + 𝑊̃in𝑢3 = 𝛼
(
𝑊̃𝑟1 + 𝑊̃in𝑢1

)
(12)

+ 𝛽
(
𝑊̃𝑟2 + 𝑊̃in𝑢2

)
(13)

= 0. (14)

Thus, if these trained problems produce the correct sums:

𝑊out𝑟1 = 𝐿1 + 𝑅1 (15)
𝑊out𝑟2 = 𝐿2 + 𝑅2 (16)

then the new problem should also produce the correct sum:

𝑊out𝑟3 = 𝛼𝑊out𝑟1 + 𝛽𝑊out𝑟2 (17)
= 𝛼(𝐿1 + 𝑅1) + 𝛽(𝐿2 + 𝑅2) (18)
= 𝐿3 + 𝑅3 (19)

Remaining in the same linear regime can therefore, in the-
ory, support correct generalization. In practice, we found that
generalization was better when the final active set matched ac-
tive sets also visited during training (Figure 3A,B), suggesting

that successful generalization relies on reusing trained linear
regimes rather than entering novel ones. Performance, both
during training and generalization, improved when the final
active set remained close to the most frequently visited active
set during training (Figure 3A,C). This indicates that perfor-
mance depends not only on staying within trained regimes but
also on remaining close to the dominant trained regime.

Discussion
We used RNNs to investigate the neural mechanisms of se-
quential learning and generalization, and specifically, how
children acquire a counting-based addition strategy from lim-
ited experience and generalize it to longer, unseen counts.
We found that RNNs equipped with a working-memory read-
out when trained only on problems requiring counts up to 5,
RNNs successfully extended the same counting procedure to
counts up to 9. Reaction times scaled approximately linearly
with count length for both trained and generalized problems,
reflecting the iterative nature of the learned procedure.

Role of working memory
A key architectural feature of our modeling framework is the
working-memory readout, a linear output that reads from the
network’s population activity at every timestep and serves two
simultaneous roles. First, it is supervised to track the progres-
sive count throughout the trial (e.g., 3→4→5→6→7 for the
problem 3+4), providing an explicit sequential training sig-
nal at every step rather than only at the final answer. This
encourages the network to develop internal dynamics that im-
plement counting as an iterative procedure rather than a direct
input-output mapping. Second, the readout is fed back as
input to the network at each timestep, so the network’s state
continuously reflects how far along the count it currently is.
Critically, this feedback loop is active throughout training,
not only at test time, meaning the recurrent weights, readout
weights, and feedback weights are all co-optimized together



in the presence of the running count signal. The result is a
stable, self-referential dynamic: the network’s next state de-
pends on its current count value, which depends on its current
neural state, creating a closed loop that can in principle sustain
counting beyond the range of problems seen during training.

Two emergent number lines support counting
A central finding of this work is that training induced two
distinct number-line representations in the network’s low-
dimensional activity space. The first supported rapid retrieval
of the left operand: within the first 100 ms of a trial, net-
work activity organized along a direction strongly predictive
of the starting value, placing the system at the correct position
on the number line before counting began. The second sup-
ported slow, iterative counting of the right operand: activity
then drifted continuously along a second direction, incremen-
tally tracking the count. Once counting was complete, activity
settled onto a two-dimensional manifold from which the sum
could be decoded along a diagonal axis combining both repre-
sentations. These two number lines emerged even though net-
works were trained on a limited range of operands, and both
were engaged during generalization to longer counts. This
finding extends neuroscience observations of graded number
representations in the human intraparietal sulcus (Harvey et
al., 2013; Nieder, 2016) by showing that multiple such repre-
sentations can coexist within a single network, serving func-
tionally distinct roles during rapid retrieval and slow counting.

Counting is implemented as continuous neural drift
Although the RNN was explicitly trained to produce step-like
intermediate counting states, its internal dynamics evolved
continuously throughout the trial. This continuous implemen-
tation produced the hallmark behavioral signature of serial
counting: reaction time scaled approximately linearly with
count length, for both trained and generalized problems. This
dissociation between step-like behavior and continuous neural
trajectories has direct implications for interpreting neuroimag-
ing data from human arithmetic tasks. Our results suggest that
discrete cognitive stages, such as individual counting steps,
need not correspond to discrete transitions in neural popula-
tion activity. Testing whether human neural recordings during
counting-based arithmetic show similar continuous drift dy-
namics would directly test this prediction.

Generalization relies on trained linear regimes
RNN generalization was not uniform across held-out prob-
lems: performance varied markedly across operations, with
better accuracy for shorter counts (smaller right operand) and
for larger starting values (larger left operands). The latter
pattern is consistent with the idea that stronger initialization
signals, produced by larger left operand values through the
feedback pathway, leads to more stable placement on the
number-line manifold, from which subsequent counting is
more reliable. This provides a behavioral prediction: human
counting-based addition may similarly show a left-operand ad-

vantage for problems requiring generalization to larger counts.
Additionally, we found that generalization was strongest when
activity remained within the same linear subspaces visited dur-
ing training, and degraded when dynamics departed from the
most frequently visited training subspaces. This provides a
mechanistic account of why generalization can be fragile: ex-
tending a learned drift beyond the training range is reliable
only insofar as the dynamics remain in a familiar local linear
regime. This connects our findings to recent theoretical work
on length generalization in linear recurrent networks (Orvi-
eto et al., 2023), where structured linear dynamics support
compositional generalization.

Limitations and future directions
Several limitations should be noted. First, operands were rep-
resented as constant scalar inputs throughout the trial. More
realistic representations reflecting psychophysical encoding
principles may alter the conditions under which generalization
is observed. Second, we focused on a single strategy, count-
ing from the left operand, whereas children flexibly employ a
range of strategies depending on the problem and their experi-
ence, including counting-on from the larger operand, number
decomposition, and fact retrieval (Chang et al., 2016; Cho
et al., 2011; Geary & Burlingham-Dubree, 1989; Lemaire
& Siegler, 1995; Siegler, 1988, 1991). It is important to
distinguish which of our findings reflect properties of count-
ing in general versus this particular procedure. For instance,
the model’s continuous drift dynamics may be well suited
for addition but may not capture the discrete, deterministic
character of counting in other contexts, such as the qualita-
tive developmental leap that occurs when children become
Cardinal-Principle knowers (Gelman et al., 2009). Third, our
model does not separately characterize contributions of evi-
dence encoding, working-memory maintenance, and retrieval
to the observed dynamics, dissociating these components in
both model and brain data is an important direction for future
work. Finally, understanding how strategy selection is imple-
mented, when to count versus retrieve a memorized fact, and
how the transition from slow counting to fast retrieval occurs
with practice (Cho et al., 2011; Qin et al., 2014; Verguts &
Fias, 2005) remain important open questions that the current
model does not address.

Conclusion
In conclusion, our findings demonstrate that algorithmic gen-
eralization in recurrent neural networks can arise from struc-
tured internal representations, specifically, emergent number-
line geometries and stable drift dynamics, rather than requir-
ing explicit supervision of the generalization itself. An impor-
tant next step is to test whether analogous low-dimensional,
number-line-like trajectories and differential drift speeds be-
tween retrieval and counting phases are present in human
neural recordings during sequential arithmetic, bridging the
computational account developed here with the neural mech-
anisms of human mathematical cognition.
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