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Abstract

Neural systems use information from earlier inputs to shape their current responses. How recur-

rent connectivity supports the retention and combination of this information remains difficult

to quantify. Here, we introduce Connectome Response Analysis and Design (CoRAD), an

analytic framework that derives order-specific responses from a connectome and decompiles

them into dimensions computationally associated with linear memory and nonlinear mixing.

Each dimension is an effective count of the response directions generated at its correspond-

ing order, providing a compact summary of how past inputs shape network activity. CoRAD

uses their gradients to guide constrained changes to existing connections. Across a range of

networks—from synthetic reservoirs, to human and non-human connectomes—the response di-

mensions predicted their corresponding simulated memory capacities in held-out data. Their

decompositions showed how response contributions were distributed across input histories and

cortical regions. Gradient-guided reweighting changed the corresponding held-out capacities

and moved one or both dimensions toward specified targets under wiring constraints. Most of

the gain found by the constrained searches was recovered using only a small fraction of exist-

ing connections, while different reweightings reached similar joint targets. Together, CoRAD

provides a quantitative link between recurrent connectivity and the explanation, interpretation,

and constrained design of predicted temporal-processing capacities.
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1 Introduction

Neural circuits transform streams of input into evolving patterns of activity that support sen-

sation, action, and cognition1–4. These transformations unfold through recurrent interactions

among neurons and brain regions. More specifically, anatomical connectivity constrains how

activity propagates, persists, and coordinates across a system5–7. The relationship between

anatomical connectivity and function is not one-to-one8;9. The same anatomical circuit can

express different activity patterns when the signals entering it or its neuromodulatory state

change4;10;11, while markedly different combinations of cellular and synaptic parameters can

generate similar network activity12–14. A connectome therefore provides essential information

about circuit architecture but does not specify the dynamics or functions that the circuit will

express9;15. A central challenge is to determine which functional capacities are constrained by

recurrent connectivity, and how those constraints depend on the system’s dynamics, inputs, and

operating state16–18.

One functional capability of particular interest in the field is temporal information process-

ing: a circuit’s current state can both retain information about earlier inputs and combine

signals that arrived at different times19–21. Reservoir computing provides a controlled frame-

work for studying these two aspects of temporal processing18;22: retention and combination.

A reservoir transforms a time-dependent input into an evolving state through fixed recurrent

dynamics; a trained linear readout then tests which functions of the input history can be re-

covered from the current state18;22;23. Linear memory capacity (a form of retention) measures

how accurately the readout reconstructs individual past inputs at successive delays, capturing

the fading influence of progressively older inputs21;24. Here, adjective “linear” in the phrase

linear memory refers to the target and readout, not necessarily to the recurrent dynamics21;25.

Linear memory is important because tasks with temporal dependencies require recent inputs to

remain accessible, and its capacity provides a common benchmark for comparing recurrent ar-

chitectures20;24;26. We note that linear memory capacity is a property of the specified reservoir

model, not a measure of a participant’s memory as experienced by themselves or as measured

by neuropsychological tests; yet, prior work has shown that simulated memory capacity can

statistically track cognitive performance in humans27. To complement linear memory as a mea-

sure of retention, we also consider nonlinear mixing as a measure of combination. Nonlinear

mixing asks whether the same readout can recover nonlinear functions of the input history, such
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Figure 1: Connectome Response Analysis and Design (CoRAD). CoRAD reads input-
evoked responses from a connectome, decompiles their geometry into dimensions associated with
simulated linear-memory and nonlinear-mixing, and uses those dimensions to guide constrained
writes into the wiring. A. Read from the connectome. A time-varying signal enters a
connectome reservoir through an input map. Linearizing the dynamics about the operating
point gives the task-aligned first-order responses hp = F p−1g, for p = 1, . . . ,K, stacked by delay
as the rows of the response matrix R ≡ R(1). B. Decompile the connectome. The node-

space Gram matrix W
(1)
c = R⊤R describes the geometry of these responses. Under zero-mean

temporally white unit-variance input, it is both the finite-horizon controllability Gramian of
(F, g) and the covariance of the truncated first-order propagated response, and its eigenvectors

define orthogonal response modes. Applying the same effective-dimension summary to W
(1)
c

and to the corresponding second-order matrix W
(2)
c = R(2)⊤R(2) gives κ1 and κ2, associated

with linear memory and nonlinear mixing. C. Write into the connectome. The operator
RA maps positive or negative gradients of either response dimension to a constrained write
A′. Held-out simulations test whether designed increases or decreases in κ1 and κ2 produce
corresponding changes in memory and mixing.

as products of inputs presented at different delays21;28. This capability is important when an

output depends on interactions among earlier inputs: recovery by a linear readout shows that

the reservoir has both retained and nonlinearly transformed those inputs21;28;29. With these

two tools in hand, we seek to address the question of how recurrent connectivity shapes these

functional capacities under fixed dynamical and input conditions16–18.

Several approaches have linked network structure to dynamical function. Connectome-based

reservoir studies use empirical connectomes to constrain recurrent architecture and quantify

memory or task performance by simulating reservoir states and fitting readouts16–18. Learning

studies further link modular organization to task demands: the modular organization of neural

activity is associated with task performance30, and multitask and incremental training can in-
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crease the modularity of recurrent connectivity31. Analytic approaches characterize recurrent

networks directly from their governing equations. Reservoir programming represents states and

dynamics in a basis of their inputs, enabling functions to be recovered from trained reservoirs

and programmed through output and feedback connections32. For linear memory, reconstruc-

tion scores across delays sum to total memory capacity21;24; for linear recurrent networks with

independent inputs, this theoretical total equals the rank of the associated controllability ma-

trix25;33. When the controllability matrix is full rank, the total equals the number of units and is

therefore identical for all controllable systems of the same size. More detailed response geometry

is retained by the controllability Gramian, which quantifies the minimum input energy required

for specified state transitions34;35. Building on this framework, a computational affordance land-

scape represents the distribution of these costs across possible goal-directed state transitions36.

Edge-centric control has also combined structural controllability with functional coupling to

identify connection-level perturbations that reduce the energy required for targeted synchro-

nization37. These control approaches quantify the energetic accessibility of activity states or

synchronization patterns, whereas reservoir memory and mixing concern which functions of the

input history can be recovered by a linear readout from the present state21. A question still re-

mains whether order-specific response geometry can both predict temporal-processing capacities

in unseen networks and provide directions for changing them under structural constraints.

Here, we introduce Connectome Response Analysis and Design (CoRAD), an analytic

framework for relating recurrent connectivity to linear memory and nonlinear mixing. CoRAD

begins with a local response expansion about a specified operating point (Fig. 1A) and defines

two separately constructed response dimensions: κ1 is a ridge-smoothed effective count of first-

order response directions, whereas κ2 is the corresponding count of second-order directions

generated by delayed-input products (Fig. 1B). These quantities describe a connectome within

specified reservoir dynamics, input map, operating point, response horizon, ridge scale, and

spectral normalization; they are not properties of connectivity alone. We test whether κ1

and κ2 predict simulated linear-memory and nonlinear-mixing capacities for held-out synthetic

reservoirs, human connectomes, and input maps within non-human connectomes. We then

examine how these dimensions and capacities change with operating state. Finally, we use

their gradients to reweight existing connections while preserving tract-length-weighted wiring

cost and spectral radius (Fig. 1C). We test whether these reweightings can increase or decrease

either dimension, move it toward specified targets, and produce corresponding changes in held-
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Figure 2: Response dimensions predict simulated memory and mixing capacities.
First- and second-order response dimensions predict their matched simulated capacities in held-
out synthetic reservoirs, human connectomes, and input maps within non-human connectomes.
A. Synthetic linear-memory prediction. κ1 predicts simulated linear-memory capacity
across 4,000 synthetic reservoirs (held-out R2 = 0.973). B. Synthetic nonlinear mixing
prediction. κ2 predicts simulated nonlinear-mixing capacity in the same reservoirs (held-out
R2 = 0.967). C. Prediction across topology and sizes. Held-out R2 exceeds zero in all 40
topology-by-size groups for both capacities. D. Human linear-memory prediction. κ1 pre-
dicts simulated linear-memory capacity across 100 HCP-YA connectomes (held-out R2 = 0.802).
E. Human nonlinear-mixing prediction. κ2 predicts simulated nonlinear-mixing capacity
across the same connectomes (held-out R2 = 0.861). F. Prediction across non-human con-
nectomes. Within one fixed connectome from each of four species, both dimensions predict
their matched capacities across 60 Gaussian input maps that distribute the same temporal input
across all nodes. Diamonds show observed held-out R2, boxes show the interquartile range of
4,000 input-map bootstrap estimates, and whiskers show 95% intervals.

out simulations of memory and mixing. Together, these analyses link response geometry to

the prediction and controlled modification of simulated linear-memory and nonlinear-mixing

capacities within a specified recurrent-network model.
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2 Results

2.1 Response dimensions predict simulated memory and mixing capacities

We first asked whether response dimensions, κ1 and κ2, computed without running the task

simulations, could predict their matched capacities under fixed reservoir conditions. We gen-

erated 4,000 reservoirs spanning Erdős–Rényi, Watts–Strogatz, Barabási–Albert, and modular

stochastic block-model topologies, with ten network sizes from 50 to 500 nodes. Linear-memory

capacity summed the held-out squared correlations with which linear readouts reconstructed

earlier inputs, whereas nonlinear-mixing capacity used the same score for products of inputs at

pairs of delays. Within each topology and size, we fitted linear regression models to predict each

capacity from its matched response dimension using training reservoirs and evaluated them on

held-out reservoirs. κ1 predicted linear-memory capacity with a held-out R2 = 0.973 (95% CI

[0.971, 0.975]), and κ2 predicted nonlinear-mixing capacity with a held-out R2 = 0.967 (95% CI

[0.965, 0.969]; Fig. 2A,B). Across the 40 topology-by-size groups, held-out R2 ranged from 0.818

to 0.995 for linear-memory prediction and from 0.454 to 0.999 for nonlinear-mixing prediction

(Fig. 2C). Thus, each response dimension predicted variation in its matched simulated capacity

within every tested topology and network size.

Beyond the synthetic reservoirs, κ1 and κ2 predicted their matched simulated capacities in

human and non-human connectomes. Across 100 participants from the Human Connectome

Project Young Adult (HCP-YA) cohort, participant-held-out R2 was 0.802 when predicting

linear-memory capacity from κ1 and 0.861 when predicting nonlinear-mixing capacity from κ2

(95% CIs [0.729, 0.855] and [0.809, 0.902], respectively; Fig. 2D,E). For the non-human analysis,

each connectome was held fixed while only its input map varied. For each of the four non-

human species (Drosophila, rat, mouse, and macaque), we generated 60 maps that distributed

the same temporal input stream across all nodes through independently sampled Gaussian input

weights with the same scaling. Models fitted on one set of input maps predicted the capacities

of held-out maps, with R2 ranging from 0.871 to 0.945 for linear memory and from 0.607 to

0.813 for nonlinear mixing (Fig. 2F). The corresponding associations between each response

dimension and its matched simulated capacity were positive across the synthetic, HCP-YA,

and non-human analyses (Fig. S1). The same held-out analysis in 100 participants from the

Lifespan Human Connectome Project in Aging (HCP-Aging) cohort yielded R2 = 0.710 for

linear memory and R2 = 0.808 for nonlinear mixing (95% CIs [0.582, 0.794] and [0.721, 0.876];

7



Fig. S5). These human analyses concern simulated reservoir capacities of participant-specific

connectomes, not participants’ behavioral memory performance.

The response dimensions are derived from local responses around a specified operating point,

so their predictive accuracy may depend on the model and input conditions. Stronger input

drive moves the nonlinear reservoir farther from that point, where effects omitted from the lo-

cal expansion can become more influential. Input gain is the dimensionless weight multiplying

the external signal. We used 0.30 as the primary input gain because, for inputs in [−1, 1], it

confines the direct input contribution to [−0.30, 0.30], a range over which the tanh activation

remains close to linear. An input-gain sweep from 0.03 to 1.00 tested prediction under weaker

and stronger drive. Held-out R2 remained positive throughout this range, varying from 0.581

to 0.972 for linear memory and from 0.669 to 0.873 for nonlinear mixing (Fig. S2A). Sensitivity

analyses also examined three other choices. Recurrent gain is the dimensionless multiplier on

recurrent coupling, response ridge controls how strongly weak response directions contribute,

and response horizon specifies how much input history is included. We varied all three quantities

over the ranges shown in Fig. S2B–D. All held-out R2 point estimates remained positive across

the tested settings, although their magnitude varied. Prediction also remained accurate across

spatial input maps. In HCP-YA, we repeated the analysis with 12 prespecified maps, each

delivering the same temporal input to a different set of 40 of the 400 cortical parcels. Held-out

R2 ranged from 0.698 to 0.837 for linear memory and from 0.790 to 0.869 for nonlinear mixing

(Fig. S3). Order specificity was tested using capacities summed over 12 prespecified mixtures of

delayed inputs or delayed-input products. At the prespecified operating state for each order, κ1

predicted linear-memory capacity with R2 = 0.793, compared with R2 = 0.196 using κ2. Con-

versely, κ2 predicted nonlinear-mixing capacity with R2 = 0.868, compared with R2 = 0.358

using κ1 (Fig. S4A). For both capacities, the response dimension of the corresponding order

also yielded lower participant-level mean squared error (p = 4.0× 10−5; Fig. S4B). Finally, we

compared the response dimensions with a combined model of seven conventional graph descrip-

tors, mean strength, strength variability, density, algebraic connectivity, weighted clustering,

spectral gap, and modularity, selected to summarize common weighted and topological prop-

erties of the same connectomes. The combined graph model yielded held-out R2 = 0.622 for

linear memory and R2 = 0.354 for nonlinear mixing, compared with 0.802 and 0.861 for the

response dimensions (Fig. S6A,B). Models based on the response dimensions also had lower

mean participant-level squared error for linear memory (p = 2.0× 10−4) and nonlinear mixing
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D    Delayed product profile E    Target-profile agreement

A    Response-mode spectra C    Delayed input profileB   Response-dimension space

Figure 3: Response dimensions decompose into recoverable memory and mixing
profiles. Response-mode spectra and target-resolved profiles show how contributions to κ1 and
κ2 are distributed and correspond to held-out recovery across 100 HCP-YA connectomes. A.
Response-mode spectra. Ranked first- and second-order mode contributions reveal distinct
spectra for κ1 and κ2. B. Response-dimension space. κ1 and κ2 are moderately associated
across connectomes (ρ = 0.598). C. Delayed input profile. Analytic first-order contributions
and held-out recovery are shown across 40 input delays. D. Delayed product profile. The 36
second-order targets comprise eight centered squared-input terms and 28 products of inputs at
different delays spanning lags 1–8. Analytic contributions and held-out recovery are averaged
within each target’s maximum input delay, giving the eight plotted positions. E. Target-
profile agreement. Within each connectome, ρ compares analytic contributions with held-
out recovery across all targets. Curves in A, C, and D show cohort means; bands in A show
interquartile ranges, bands in C show 95% participant-bootstrap intervals, and bars in D show
interquartile and 5th–95th percentile ranges. In E, points represent participants, boxes show
interquartile ranges, center lines show medians, whiskers extend to 1.5× the interquartile range,
and diamonds show means.

(p = 2.0× 10−5; Fig. S6C). Together, these analyses show that the response dimensions predict

their corresponding simulated capacities across the tested reservoir and input conditions and

more accurately than the tested graph descriptors.

2.2 Response dimensions decompose into mode- and target-specific profiles

The response dimensions predict total simulated linear-memory and nonlinear-mixing capacities.

To resolve their internal geometry, we decomposed each aggregate dimension across individual

response modes, defined as orthogonal directions in the corresponding first- or second-order

9



response space. Directions that are strong relative to the response ridge contribute values

near one, whereas weak directions contribute values near zero; these contributions sum to the

corresponding response dimension. Across 100 HCP-YA connectomes, the first-order spectrum

fell sharply near rank 11, yielding a mean κ1 = 11.36 across 40 modes. The second-order

spectrum declined more gradually across higher ranks, yielding a mean κ2 = 23.65 across 36

modes (Fig. 3A). Participant rankings in κ1 and κ2 were moderately associated (ρ = 0.598;

Fig. 3B), indicating that connectomes ranked highly by one dimension were not necessarily

ranked highly by the other.

The mode spectra describe how strongly orthogonal response directions contribute. A target-

level decomposition linked each response dimension to specific functions of the input history. For

κ1, the targets were the 40 individual inputs ut−1, . . . , ut−40. For κ2, they were 36 degree-two

functions spanning delays 1–8: eight centered squared-input terms and 28 products of inputs

at different delays. Eight delays were chosen because they yield 36 unique degree-two targets,

keeping the second-order basis close in size to the 40-target first-order basis; sensitivity to shorter

and longer horizons was tested in Fig. S2D. Each target has an analytic contribution between

zero and one, and the contributions sum to the corresponding response dimension. We compared

each analytic contribution with the squared correlation between the target and the output of

a linear readout evaluated on held-out time points. For linear memory, analytic contributions

and held-out recovery were high for recent inputs and declined with increasing delay (Fig. 3C).

For nonlinear mixing, both analytic contributions and held-out recovery declined as maximum

input delay increased (Fig. 3D). Individual results for all eight squared-input and 28 cross-lag

product targets are shown in Fig. S7.

Within each connectome, we used ρ to test whether targets with larger analytic contributions

also had higher held-out recovery. The mean participant-level ρ was 0.992 for linear memory

and 0.894 for nonlinear mixing (Fig. 3E). The held-out recovery profiles were also reproducible

across the two independent input streams, with mean agreement of ρ = 0.988 for linear memory

and ρ = 0.982 for nonlinear mixing (Fig. S8). Thus, under the specified reservoir conditions,

the aggregate response dimensions can be decomposed into target-level profiles whose ordering

corresponds closely to held-out target recovery.

10
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Figure 4: Regional response profiles correspond to simulated memory and mixing ca-
pacities. Regional decompositions relate response geometry to capacities accessible from corti-
cal readouts and show how operating-state location alters full-state capacity across 100 HCP-YA
connectomes. A. Order-specific parcel contributions. Cortical maps show cohort-mean
parcel contributions to κ1 and κ2; the 40 parcels receiving temporal input contribute 2.39
and 3.37 times the cortical mean, respectively. B. Order-specific network contributions.
Contributions averaged within the seven Yeo networks reveal distinct first- and second-order
regional profiles. C. Regional profiles correspond to simulated capacity. Across 84 re-
gional readout conditions per participant, comprising seven networks, six support realizations,
and network and matched readouts, restricted κ1 and κ2 correspond to their matched capacities
with mean ρ = 0.681 and 0.901, respectively. D. Readout location changes accessible ca-
pacity. Readouts restricted to 26 parcels within each Yeo network recover different capacities
relative to matched 26-parcel readouts outside that network. E. Operating-state location
shifts simulated capacities. The same time-independent bias with root-mean-square mag-
nitude 0.09 is applied to 26 parcels within each Yeo network or to matched parcels outside it;
plotted differences are network placement minus matched outside-network placement. Error
bars in B, D, and E show 95% participant-bootstrap intervals. Dashed reference lines mark
the cortical mean (1×) in A and B, ρ = 0 in C, and equality with the matched outside-network
condition in D and E.

2.3 Regional response profiles correspond to accessible simulated capacities

A parcel-level decomposition characterized the spatial organization of the response dimensions.

For each parcel, we calculated a nonnegative contribution to the ridge-smoothed count of re-

sponse directions; these contributions sum exactly to κ1 or κ2. Across 100 HCP-YA connec-

tomes, contributions extended throughout the cortex but were concentrated in the 40 parcels

that received the temporal input. The mean contribution per directly driven parcel was 2.39
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times the cortical mean for κ1 and 3.37 times the cortical mean for κ2 (Fig. 4A). Network

contributions varied across the seven Yeo networks at both response orders (p = 2.0 × 10−5

for each order). Visual and frontoparietal contributions exceeded the cortical mean at both or-

ders. Dorsal-attention contributions exceeded the mean at first order but not at second order,

while somatomotor, ventral-attention, limbic, and default-mode contributions remained below

the mean at both orders (Fig. 4B).

Regional restriction tested whether these response profiles corresponded to the simulated

capacities accessible from the same locations. To compare networks without confounding their

different sizes, we used 26 parcels from each Yeo network, matching the size of the smallest

network, and paired each selection with 26 matched parcels outside that network. Both the

analytic response matrix and the trained linear readout were restricted to the same parcels,

while the reservoir dynamics and resulting activity remained unchanged. This produced 84

regional readout conditions per participant. Within each participant, the mean correlation

between restricted κ1 and linear-memory capacity was ρ = 0.681, and that between restricted κ2

and nonlinear-mixing capacity was ρ = 0.901 (Fig. 4C). Participant-held-out models predicted

regional linear-memory capacity with R2 = 0.663 and nonlinear-mixing capacity with R2 =

0.802 (95% CIs [0.639, 0.686] and [0.789, 0.814], respectively; Fig. S9A,B). For each of three

independent temporal input streams, the response dimension of the corresponding order yielded

higher participant-held-out R2 for its matched capacity than did the response dimension of the

other order (Fig. S9C). The difference between network and matched outside-network readouts

varied across the seven networks for both capacities (p = 2.0×10−5 for each capacity). Relative

to matched outside-network readouts, network-restricted readouts recovered less linear-memory

capacity in six networks and more in the frontoparietal network. For nonlinear mixing, network-

restricted readouts recovered more capacity in the visual and frontoparietal networks and less

in the other five networks (Fig. 4D).

The restricted-readout analysis changed which regional states were observed while leaving

the reservoir activity unchanged. A complementary analysis changed the operating state itself

without altering connectivity. A bias is a constant additive term in the reservoir update; unlike

the temporal input, it does not vary over time. Applying a bias to a parcel shifts its baseline state

and local response gain. We applied the same bias values to 26 parcels within each Yeo network

or to matched parcels outside it, and measured both capacities from the full reservoir state. The

network-minus-control difference therefore isolates bias location rather than the presence of a
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bias. The simulated capacity differences varied across the seven networks (p = 2.0 × 10−5 for

both capacities; Fig. 4E). Relative to their matched outside-network placements, bias placement

within the ventral-attention, limbic, and default-mode networks yielded higher simulated linear-

memory capacity (∆ = 0.068, 0.109, and 0.027, respectively) but lower simulated nonlinear-

mixing capacity (∆ = −0.901, −1.343, and −0.542, respectively). Frontoparietal placement

yielded lower simulated linear-memory capacity (∆ = −0.028) but higher simulated nonlinear-

mixing capacity (∆ = 0.685). Matching controls more closely on continuous node strength

reduced their mean strength mismatch from 0.039 to 0.006 and preserved the nonlinear-mixing

direction for all seven networks and the linear-memory direction for five of seven networks

(Fig. S10). Together, these results show that, within the specified reservoir model, the parcels

available to the readout changed accessible simulated capacity, while the location of a constant

bias changed full-state capacity.

2.4 Response-gradient reweighting changes simulated memory and mixing

capacities

The response dimensions predict simulated capacities and decompose their target-level and re-

gional organization. Constrained reweighting tested whether their gradients identify connection-

weight changes that alter those same held-out capacities. For each connectome, we reweighted

existing positive connections by 0.1% of ∥A∥F along the positive and negative gradients while

preserving the original support, tract-length-weighted wiring cost, and unit spectral radius.

The κ1 and κ2 reweightings were evaluated at the zero-bias and fixed biased operating points,

respectively. Across 100 HCP-YA connectomes, reweighting along +∇Aκ1 increased simulated

linear-memory capacity by ∆ = 0.010 (95% CI [0.008, 0.011]), whereas reweighting along −∇Aκ1

decreased it by ∆ = −0.009 ([−0.011,−0.008]). Similarly, reweighting along +∇Aκ2 increased

simulated nonlinear-mixing capacity by ∆ = 0.017 ([0.016, 0.018]), whereas reweighting along

−∇Aκ2 decreased it by ∆ = −0.017 ([−0.018,−0.016]; Fig. 5A). Each direction also changed the

other capacity, but these mean changes were smaller than those for the corresponding capacity.

The analytic response dimensions themselves moved in the requested direction in every connec-

tome, with mean changes of 0.016 and −0.016 for κ1 and 0.029 and −0.029 for κ2 (Fig. S11A).

On average, the directed capacity change exceeded 97% of eight magnitude- and constraint-

matched random reweightings for linear memory and 100% for nonlinear mixing (Fig. S11B).

The total capacity changes were distributed across multiple delayed-input and delayed-product
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Figure 5: Response-gradient reweighting changes simulated memory and mixing ca-
pacities. Across 100 HCP-YA connectomes, constrained reweightings along the gradients of κ1
and κ2 change their matched held-out capacities and span distinct local directions in capacity
space. A. Simulated-capacity changes. Changes in both capacities are shown after reweight-
ing by 0.1% of ∥A∥F along ±∇Aκ1 and ±∇Aκ2; grey symbols show participant means across
eight matched random reweightings. B. Connection-weight changes. Connectograms show
the largest cohort-consistent strengthened and weakened existing connections after reweighting
along each positive-gradient direction. C. Nodal strength changes. Cortical maps show
cohort-mean percentage changes in recurrent nodal strength after the same positive-gradient
reweightings. D. Bidirectional capacity changes. Sign-aligned changes from the positive-
and negative-gradient directions are averaged within each participant across reweighting magni-
tudes from zero to 0.1% of ∥A∥F . E. Combined-gradient capacity changes. Sixteen equal-
magnitude mixtures of the two gradient directions trace cohort-mean capacity changes; the four
pure-gradient directions are highlighted. In A, ellipses show 95% participant-bootstrap regions;
inD, bands show 95% participant-bootstrap intervals; and in E, error bars show coordinate-wise
95% participant-bootstrap intervals. Connections in B are present in at least 80 participants
and change with the same sign in at least 75% of participants carrying that connection; up to
30 per response order and sign are shown.

scores (Fig. S12).

Connection- and parcel-level summaries characterized how the positive-gradient reweight-

ings were distributed across the connectome. For each connection, we calculated the log-weight

change, log(A′
ij/Aij), with positive values denoting strengthening and negative values denoting

weakening. We retained connections that were present in at least 80 participants and changed

with the same sign in at least 75% of the participants in whom they were present. Under
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these criteria, one strengthened and 29,018 weakened connections were retained along +∇Aκ1,

while 45 strengthened and 42,638 weakened connections were retained along +∇Aκ2 (Fig. 5B).

Parcel-level effects were summarized using recurrent nodal strength, defined as the total re-

current connection weight incident to a parcel. After reweighting along +∇Aκ1, cohort-mean

nodal-strength changes ranged from −0.009% to 0.039% across the 400 parcels. Changes along

+∇Aκ2 ranged from −0.015% to 0.112% (Fig. 5C). The two response objectives therefore pro-

duced different distributions of connection-weight and nodal-strength changes while retaining

the original set of connections.

A magnitude sweep from zero to 0.1% of ∥A∥F tested whether capacity changes increased

with perturbation size. At each magnitude, we sign-aligned and averaged the positive- and

negative-gradient capacity changes within each participant. Bidirectional changes increased

across the tested magnitudes, reaching ∆ = 0.009 for linear memory (95% CI [0.008, 0.011]) and

∆ = 0.017 for nonlinear mixing ([0.016, 0.018]) at 0.1% (Fig. 5D). Expressed relative to each

participant’s baseline capacity, the mean bidirectional changes were 0.095% for linear memory

and 0.094% for nonlinear mixing, similar in scale to the 0.1% connection-weight perturbation.

The change was monotonic across the five magnitudes in 97 participants along +∇Aκ1, 97

along −∇Aκ1, and all 100 participants along both κ2 directions. Finally, we evaluated 16 equal-

magnitude mixtures of the two gradient directions. The resulting capacity changes formed a

two-dimensional trajectory rather than collapsing onto a single line (Fig. 5E). A local capacity-

gain matrix summarizing the two effects had a positive determinant in 95 of 100 connectomes.

Its mean normalized span was 0.709 (95% CI [0.645, 0.770]), where zero indicates collinear

capacity changes and one indicates orthogonal changes. The two response gradients therefore

provide distinct local directions for changing simulated linear-memory and nonlinear-mixing

capacities.

2.5 Constrained reweighting targets and increases response dimensions

The response gradients provide distinct local directions for changing simulated capacities. Re-

peated constrained reweighting tested whether the corresponding response dimensions could be

moved toward specified values. For each connectome and response order, a target controller

recalculated the gradient after every update and selected the direction that reduced the remain-

ing target error while preserving the original set of positive connections, tract-length-weighted

wiring cost, and unit spectral radius. Each κj is a dimensionless effective count, so a change
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Figure 6: Constrained reweighting targets and increases response dimensions. Across
100 HCP-YA and 100 HCP-Aging connectomes, constrained searches target κ1 and κ2, find
distinct reweightings with similar response endpoints, and concentrate locally attained gains
in a small fraction of existing connections. A. Constrained target trajectories. Cohort-
mean trajectories move toward changes of −2, −1, +1, +2, and +3 from baseline; the first
500 of up to 1,000 reweighting steps are shown, and dotted lines mark the targets. B. Joint
target accuracy. Four joint targets combine increases or decreases in both dimensions, with
each component set to one-third of its ten-step response change; joint target error is the larger
component-wise percentage error. C. Different reweightings, same targets. For each joint
target, cosine similarity compares two alternative connection-weight changes, and minimum
accuracy is evaluated across the standard solution, both alternatives, and both dimensions.
D. Locally attained response gain. At the endpoints of positive-gradient searches, mean
participant-level gain in κ1 is 33.6% in HCP-YA and 36.6% in HCP-Aging, while mean gain in κ2
is 49.2% and 59.3%, respectively. E. Sparse gain recovery. In HCP-YA, the largest-changing
0.2% of existing connections recover 92.8% of the locally attained κ1 gain and 94.5% of the κ2
gain, compared with 31.1% and 37.1% for weight- and length-matched random subsets; HCP-
Aging results are shown in Fig. S14. In A–D, solid curves or filled circles denote HCP-YA and
dashed curves or open diamonds denote HCP-Aging; pale marks in B–D represent participants.
Boxes show interquartile ranges and medians, whiskers span the 5th–95th percentiles, and
half-violins show participant distributions. Curves in E show cohort means, bands show 95%
participant-bootstrap intervals, and the dashed line marks complete recovery.

of one represents one unit in the effective number of response directions. We specified changes

of −2, −1, +1, +2, and +3 from baseline and considered a target attained when its error fell

below 0.01 within 1,000 steps. Across 100 HCP-YA and 100 HCP-Aging connectomes, every

participant attained all five κ2 targets and the +1 and +2 targets for κ1. Most participants

also attained ∆κ1 = +3 (93 HCP-YA and 94 HCP-Aging) and ∆κ1 = −1 (97 and 88), whereas

∆κ1 = −2 was attained in 29 and 17 participants, respectively (Fig. 6A). The controller se-

lected reweightings using only the analytic response dimensions. Across three held-out input
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streams, linear-memory capacity changed in the corresponding direction in 96–99 HCP-YA par-

ticipants and 95–97 HCP-Aging participants, whereas nonlinear-mixing capacity did so in every

participant (Fig. S13).

Joint targeting extended this test to both response dimensions simultaneously. We formed

four participant-scaled joint targets by combining a decrease or increase in each dimension,

with each change set to one-third of the response change produced by ten constrained gradient

steps in the corresponding direction. Across 100 HCP-YA and 100 HCP-Aging connectomes,

all 800 participant–target combinations reached both response dimensions within the 10% error

threshold in the allowed 20 iterations. Across the standard joint-controller solutions, mean joint

target error was 3.72%, and the largest error was 9.98% (Fig. 6B). To test non-uniqueness, we

constructed two additional constraint-preserving reweightings for each participant and target.

Together with the standard solution, all 800 participant–target sets contained three distinct

reweightings that reached the specified response values. The two alternatives had a median

cosine similarity of 0.499, showing that their connection-weight changes were not identical,

while the lowest accuracy across all three reweightings and both response dimensions was 90.0%

(Fig. 6C). Thus, under the specified reservoir model and constraints, a target pair of response

dimensions does not uniquely determine how the existing connections must be reweighted.

Finally, repeated positive-gradient searches from each original connectome tested how much

each response dimension could be increased under the same constraints and how broadly the

attained gain was distributed across existing connections. Each search ran for up to 1,000

constrained steps. Mean participant-level gain in κ1 was 33.6% in HCP-YA and 36.6% in HCP-

Aging (95% CIs [32.6, 34.7] and [35.6, 37.6], respectively). Mean gain in κ2 was 49.2% and 59.3%

([48.2, 50.2] and [57.9, 60.7], respectively), and every participant in both cohorts increased both

response dimensions. Every search reached the 1,000-step limit while continuing to improve.

These endpoints therefore represent locally attained gains and lower bounds on the attainable

response, rather than local or global optima (Fig. 6D). To test whether these gains required

changes across most existing connections, we ranked connections by the magnitude of their

change in the full search and repeated the constrained search while allowing only nested subsets

of the highest-ranked connections to vary. In HCP-YA, the largest-changing 0.2% of connections

recovered 92.8% of the locally attained κ1 gain and 94.5% of the κ2 gain, compared with 31.1%

and 37.1% for weight- and length-matched random subsets (Fig. 6E). The same analysis in HCP-

Aging recovered 88.9% and 91.9% of the respective gains, compared with 26.4% and 33.8% for
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matched random subsets (Fig. S14). Together, these results show that constrained response

design can move both dimensions toward specified values through multiple connection-level

solutions, while concentrating much of the locally attained gain in a small fraction of existing

connections.

3 Discussion

We have introduced Connectome Response Analysis and Design (CoRAD), a framework for

predicting, decomposing, and modifying simulated linear-memory and nonlinear-mixing capaci-

ties under specified reservoir conditions. The order-specific response dimensions predicted their

matched capacities across held-out synthetic reservoirs, human connectomes, and input maps

within non-human connectomes. Decomposing these dimensions across response modes, input-

history targets, and cortical parcels revealed how capacity is distributed and how it depends

on readout location and operating state. Constrained reweighting along the response gradients

produced corresponding changes in the matched simulated capacities and moved both dimen-

sions toward individual and joint targets. Different connection-weight changes reached similar

response targets, while a small fraction of existing connections recovered much of the locally

attained gain. Together, these findings show response geometry as a link between recurrent

connectivity and the analysis and design of model-defined temporal-processing capacities.

The response dimensions retain graded information about response geometry that algebraic

rank alone discards. For linear recurrent networks with independent inputs, rank determines

total linear memory but cannot distinguish full-rank networks of equal size25;33. By weight-

ing response modes relative to the response ridge, κ1 and κ2 distinguish networks through their

response spectra. CoRAD therefore complements control-theoretic uses of the Gramian to quan-

tify the energy required to reach target states and computational affordance landscapes34–36: it

instead quantifies which specified functions of the input history remain recoverable by a linear

readout21. It also complements analytic reservoir programming through output and feedback

connections32; after calibration within a model setting, CoRAD predicts matched capacities in

held-out recurrent networks and differentiates the response dimensions with respect to recurrent

connection weights.

The regional analyses emphasize that a fixed connectome does not have a single simulated-

capacity profile. Restricting the readout changed which capacities were accessible from the

18



same reservoir activity, while relocating a constant bias changed the capacities expressed by

the same connectivity. This dependence on observation and operating state is consistent with

evidence that the same anatomical circuit can express different dynamics when its dynamical

regime or neuromodulatory conditions change10;11;16. The cortical profiles should therefore be

interpreted as properties of the specified reservoir configuration, not as evidence that those cor-

tical systems implement behavioral memory or nonlinear mixing in vivo. The response-design

analyses addressed a complementary intervention question: whether constrained changes to

existing connection weights could shift these model-based capacities. Reweighting along the re-

sponse gradients produced corresponding changes in the matched held-out capacities, providing

a model-internal intervention test of the link between response geometry and simulated capacity.

Mixed gradients spanned a local two-dimensional range of linear-memory and nonlinear-mixing

changes, and different admissible reweightings reached similar joint targets. This non-uniqueness

is consistent with circuit degeneracy, in which different cellular and synaptic parameter com-

binations can generate similar network activity12–14. Much of the locally attained gain was

also recovered by reweighting a small fraction of existing connections, indicating concentrated

leverage within the optimization but not yet identifying biological control points. Response-

gradient design may therefore provide a useful strategy for engineering physical or neuromorphic

reservoirs implemented in manipulable devices and substrates38.

Several limitations define the scope of these conclusions. First, κ1 and κ2 depend on the

chosen state-update model, input map, operating point, response horizon, ridge scale, and

spectral normalization; κ2 additionally summarizes the fixed set of second-order targets studied

here. Their predictions remained robust across the tested gains, ridge scales, response hori-

zons, and input maps. Different state-update rules, temporally correlated inputs, and response

bases beyond second order remain to be examined. Second, the human results describe sim-

ulated capacities of connectomes reconstructed using diffusion tractography39;40; they do not

measure participants’ behavioral memory. Each non-human species was represented by a single

connectome. Larger datasets linking model-derived capacities to behavior and containing mul-

tiple connectomes per species will be needed to establish biological relevance and cross-species

generality. The regional analyses also used a fixed adult group atlas; repeating them with data-

driven, cohort- and development-specific functional parcellations would test how strongly the

spatial profiles depend on the adopted regional definition41. Third, response design reweights

a mathematical network under specified constraints; it neither identifies a biological mecha-
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nism for producing those changes nor proves that the locally attained endpoints are optimal.

Future work should test CoRAD in experimentally manipulable neural or physical reservoirs,

incorporate temporally structured and multivariate inputs, and extend the response basis to

higher-order and task-specific functions. Design constraints could also be expanded to include

cell types, plasticity rules, metabolic costs, and other limits on biologically realizable changes.

Together, these directions will determine how far connectomes can be read to characterize their

responses, decompiled to identify the organization of simulated capacities, and written to pro-

duce targeted changes in constrained network models.

4 Methods

4.1 Connectome data and preprocessing

We analyzed structural connectomes from two human cohorts: 100 unrelated participants in

the Human Connectome Project Young Adult (HCP-YA) S1200 release42 and 100 participants

in the Lifespan Human Connectome Project in Aging (HCP-Aging)43;44. The HCP-YA cohort

comprised 54 female and 46 male participants, with age-band midpoints from 23.5 to 38.0

years (mean 29.4 years). HCP-YA connectomes were reconstructed in MRtrix3 using multi-

shell multi-tissue constrained spherical deconvolution, anatomically constrained probabilistic

tractography, and SIFT2 streamline weighting39;40; HCP-Aging connectomes used the same

SIFT2 and inverse-node-volume weighting. In both cohorts, we retained the 400 cortical parcels

of the Schaefer-400 atlas from the 4S456 parcellation45. The weight between parcels i and j

was the SIFT2-weighted streamline count multiplied by 2/(Vi+Vj), where Vi and Vj are parcel

volumes. Regional analyses used the seven Yeo cortical networks46.

Human adjacency matrices were symmetrized, assigned zero diagonals, clipped to nonnega-

tive weights, scaled by their largest edge weight, and normalized to unit spectral radius, yielding

recurrent matrices A with ρ(A) = 1. Tract-length matrices were symmetrized, assigned zero

diagonals, clipped to nonnegative values, and scaled by their largest entry to give L.

The non-human analyses used one directed connectome from each of four species: Drosophila

(N = 49)47, rat (N = 73)48, mouse (N = 112)49, and macaque (N = 82)50. We oriented each

matrix so that Aij denotes propagation from node j to node i, set its diagonal to zero, scaled it

by its largest absolute edge weight, and normalized it by the modulus of its leading eigenvalue.
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4.2 Reservoir dynamics, inputs, and operating states

We modeled each connectome as the fixed recurrent matrix A of a nonlinear reservoir18;22;23,

with state st ∈ RN evolving as

st+1 = tanh(αAst + b ut + d) , (1)

where tanh was applied elementwise, ut was drawn independently from Uniform[−1, 1], b was

the spatial input map, and d was a time-independent bias. The bias changed the operating state

without carrying temporal information. Because ρ(A) = 1, the dimensionless recurrent gain α

scaled the strength and persistence of recurrent propagation; we set α = 0.9 unless otherwise

stated. The primary human input map contained 40 randomly selected parcels, with bi = 0.30

at selected parcels and zero elsewhere. Hence biut ∈ [−0.30, 0.30], where tanh remains close to

linear.

At ut = 0, the operating point s∗ satisfies

s∗ = tanh(αAs∗ + d) . (2)

We obtained s∗ by fixed-point iteration from zero until convergence. First-order prediction

and linear-memory analyses used d = 0, giving s∗ = 0. Primary human second-order and

nonlinear-mixing analyses used d = 0.30 ξ, where ξ ∈ R400 was a fixed standard-normal vector

shared across the two human cohorts. Synthetic and non-human analyses used fixed dimension-

matched standard-normal vectors. Because tanh′′(0) = 0, a nonzero operating point was re-

quired for a nonzero quadratic response. Figure 4A–D evaluated both response orders at the

biased operating point to compare their spatial profiles under a common state.

4.3 First- and second-order response dimensions

Let M = αA. The first and second derivatives of the activation function at the operating point

are

g1 = 1− s∗2, g2 = −2s∗ ⊙ (1− s∗2). (3)

These derivatives define the local transition matrix and direct input response,

F = diag(g1)M, g = g1 ⊙ b. (4)
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For a response horizon K1 = 40, the first-order response matrix stacks the propagated input

responses by delay,

R(1) =
[︁
g, Fg, . . . , FK1−1g

]︁⊤
, K1 = 40. (5)

Row p therefore corresponds to the target ut−p, including the direct response g at p = 1.

The node-space Gram matrix W
(1)
c = R(1)⊤R(1) is the finite-horizon controllability Gramian of

(F, g)34. Under temporally white unit-variance input, it is also the covariance of the truncated

first-order propagated response. Supplementary Proposition 1 states and proves both identities.

We obtained the second-order responses from the quadratic terms of the same local expan-

sion. Define a1 = b and ap = MF p−2g for p ≥ 2. For each unordered lag pair 1 ≤ p ≤ q ≤ K2,

with K2 = 8,

qpq = cpq g2 ⊙ ap ⊙ aq + 1p>1Fqp−1,q−1, cpq =

⎧⎪⎪⎨⎪⎪⎩
1
2 , p = q,

1, p < q.

(6)

where the factor 1/2 is the diagonal Taylor coefficient. The corresponding targets are ut−put−q

for p < q and u2t−p − E[u2] for p = q. Under u ∼ Uniform[−1, 1], these targets have variances

1/9 and 4/45, respectively. We formed R(2) ∈ R36×N by stacking the vectors q⊤pq after scaling

each by the square root of its target variance, and defined W
(2)
c = R(2)⊤R(2).

For either response order j ∈ {1, 2}, the response dimension was

κj = tr
[︂
W (j)

c (W (j)
c + ϵIN )−1

]︂
=

∑︂
r

λjr

λjr + ϵ
, ϵ = 10−10, (7)

where λjr are the eigenvalues ofW
(j)
c . Each eigenvalue contributes between zero and one, making

κj a ridge-smoothed effective count of response directions. Thus 0 ≤ κ1 ≤ 40 and 0 ≤ κ2 ≤ 36.

The first-order construction is exact for the stated local linearized system, whereas the second-

order construction is a finite degree-two approximation over the 36 delayed-product targets.

4.4 Mode-, target-, and parcel-level decompositions

The contribution of response mode r was

mjr =
λjr

λjr + ϵ
, (8)
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with
∑︁

r mjr = κj . The contribution of input-history target k was

τjk =
[︂
R(j)(W (j)

c + ϵIN )−1R(j)⊤
]︂
kk

. (9)

Each τjk lies between zero and one, and
∑︁

k τjk = κj . We compared these analytic contributions

with the held-out squared-correlation recovery scores defined below. Profile agreement was the

within-participant Spearman correlation across the 40 first-order or 36 second-order targets. For

the second-order delay profile, targets sharing the same maximum delay were averaged within

participant. Recovery profiles were averaged across two independent temporal input streams,

and their between-stream agreement was assessed separately.

The contribution of parcel i was the corresponding diagonal entry of the node-space ridge

leverage matrix,

ℓji =
[︂
W (j)

c (W (j)
c + ϵIN )−1

]︂
ii
. (10)

These contributions are nonnegative and satisfy
∑︁

i ℓji = κj . Network-level enrichment was the

mean parcel contribution within a Yeo network divided by the cortical mean contribution.

4.5 Simulated linear-memory and nonlinear-mixing capacities

Reservoir simulations began from the zero state and used 4,500 input values, with the first 500

states discarded. Rows with complete target histories were divided chronologically into 70%

training and 30% held-out test sets. Each target was mean-centered using the training data

and decoded from the reservoir state by ridge regression without an intercept and with penalty

10−6. Its held-out recovery score was

ck = corr2(yk, ˆ︁yk). (11)

Following standard reservoir-capacity definitions21;24, linear-memory capacity was the sum

across 40 delayed inputs,

C1 =
40∑︂
p=1

corr2(ut−p, ˆ︁ut−p) . (12)

Nonlinear-mixing capacity was the sum across all 36 unordered delayed products,

C2 =
∑︂

1≤p≤q≤8

corr2
(︁
ut−put−q, ˆ︂ut−put−q

)︁
. (13)
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For p = q, mean-centering makes the squared-input target equivalent under correlation scoring

to the centered square used in the analytic basis. All networks within a comparison received

the same input stream.

4.6 Synthetic reservoirs and non-human input maps

The synthetic ensemble comprised 4,000 weighted undirected reservoirs: 100 realizations for

each combination of four topology families and ten sizes N = 50, 100, . . . , 500. The families were

Erdős–Rényi (ER)51, Watts–Strogatz (WS)52, Barabási–Albert (BA)53, and stochastic block

models (SBM)54. ER connection probabilities were sampled from [0.05, 0.40]. WS neighborhood

degree varied from 4 to min(30, ⌊N/3⌋) over even values, with rewiring probability sampled

from [0.05, 0.50]. BA attachment parameters were sampled from integers below min(15, ⌊N/4⌋),

with a minimum value of 2. SBM networks contained two to five near-equal communities,

with between- and within-community probabilities sampled from [0.02, 0.10] and [0.30, 0.70],

respectively. Existing edges received independent Uniform[0.1, 1] weights before preprocessing.

Each reservoir received input with weight 0.30 at 36 nodes, and the input nodes were held fixed

across realizations of the same size.

For each non-human connectome, we generated 60 spatial input maps,

b = 0.30 ξ/
√
N, ξ ∼ N (0, I). (14)

Each map distributed the same scalar temporal input across all nodes through independently

sampled signed weights. The temporal input stream was fixed across maps within a connectome.

First-order simulations used 4,000 inputs and a 400-state washout; second-order simulations

used 4,500 inputs and a 500-state washout. Both used the chronological split and readout ridge

defined above, and the response dimensions and capacities were recomputed for every map.

This analysis evaluated variation across input maps within each fixed connectome.

4.7 Held-out prediction and sensitivity analyses

Each prediction model used one response dimension as a scalar predictor in a linear regres-

sion with an intercept fitted only to training units. Synthetic prediction used five-fold cross-

validation repeated 20 times, with a separate model fitted within each topology-by-size group.

HCP-YA and HCP-Aging prediction used ten-fold participant cross-validation repeated 20
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times, and non-human prediction used ten-fold input-map cross-validation repeated 20 times.

Out-of-fold predictions and training-fold-mean reference predictions were averaged across re-

peats before scoring

R2
held-out = 1−

∑︁
i(yi − ˆ︁yi)2∑︁
i(yi − ˆ︁y0i)2 , (15)

where ˆ︁y0i is the corresponding training-fold outcome mean. Calibration, feature standardization,

and hyperparameter selection were confined to the training folds.

Raw associations used Spearman correlation. Sensitivity analyses repeated HCP-YA pre-

diction across input gains from 0.03 to 1.00, recurrent gains from 0.60 to 0.98, response ridges

from 10−14 to 10−4, and response horizons of 10–80 delays for linear memory and 4–10 lags for

nonlinear mixing. In the horizon analysis, each capacity was summed over the target window

used to construct its response dimension. Input-map sensitivity used 12 distinct maps, each

selecting 40 HCP-YA parcels while holding the remaining conditions fixed.

Response-order specificity was tested using 12 equal-variance orthogonal mixtures of delayed

inputs as linear targets and 12 mixtures of the complete degree-two basis as nonlinear targets.

Capacity scores were averaged across two independent input streams. The corresponding map-

pings, κ1 → C1 and κ2 → C2, were compared with the two cross-order mappings using identical

participant folds. Participant-level squared-error differences were tested by paired sign flips

with Holm adjustment across the two capacities.

The graph benchmark used seven descriptors of each HCP-YA adjacency: mean strength,

standard deviation of nodal strength, density, weighted-Laplacian algebraic connectivity, mean

weighted clustering, adjacency spectral gap, and Newman modularity. Single-descriptor models

used the same linear calibration as the response models. The combined model standardized

all descriptors within each training fold and used ridge regression, with its penalty selected by

nested cross-validation. Response and graph models used identical outer folds.

4.8 Regional response and operating-state analyses

Regional analyses used the seven Yeo networks in the 100 HCP-YA connectomes. To compare

networks at equal size, each regional parcel set contained 26 parcels, matching the size of

the smallest network. For each network, we sampled six parcel sets and paired each with 26

parcels outside that network, matching counts by hemisphere, membership in the fixed 40-

parcel temporal-input map, and cohort-mean nodal-strength tertile. This yielded 7×6×2 = 84
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regional conditions per participant.

For each analytic condition, we selected the corresponding parcel columns of R(1) or R(2)

before applying Eq. (7). For simulated regional capacity, reservoir dynamics and full state

trajectories were unchanged across parcel sets, while the linear readout used only the same 26

parcels. Capacities were averaged across three independent temporal input streams. Regional

prediction excluded all 84 conditions from the evaluated participant when fitting the predic-

tion model. Spatial profile agreement was the within-participant Spearman correlation across

conditions, and network-minus-outside capacity differences were averaged across the six paired

parcel sets.

Operating-state analyses tested whether the location of a constant bias changed full-state

capacity while the temporal input map b remained fixed. For each Yeo network, the bias was

placed on either 26 parcels in that network or a matched parcel set outside it. Each placement

used 26 standard-normal values scaled to root-mean-square magnitude 0.09, with the same value

multiset assigned to the paired network and outside-network sets. Six paired placements were

evaluated per network using readouts fitted to the full reservoir state. Reported shifts were

network placement minus outside-network placement, isolating bias location rather than the

presence of a bias.

A sensitivity analysis replaced strength-tertile matching with one-to-one outside-network

assignments that preserved hemisphere and temporal-input-map membership while minimizing

differences in cohort-mean nodal strength. The bias values were unchanged; only the outside-

network parcel sets differed.

4.9 Constrained response-gradient reweighting

Response design reweighted only positive existing connections in the symmetric human connec-

tomes. We parameterized their weights in log coordinates, preserving positivity and the original

edge set. For κ1 at d = 0, automatic differentiation through Eq. (5) gave ∇Aκ1. The gradient

of κ2 also included the dependence of the operating point on A. If r = ∂κ2/∂s
∗ denotes the

derivative with A fixed, the adjoint z satisfies

(I − F )⊤z = r. (16)

26



The implicit fixed-point contribution α(g1⊙z)s∗⊤ was added to the partial adjacency derivative

before symmetrization. Both gradients were assigned zero diagonals.

Tract-length-weighted wiring cost was

C(A) = ⟨A,L⟩F =
∑︂
i,j

AijLij . (17)

In log coordinates, the steepest-ascent direction is A ⊙ ∇Aκj on the original edge set. We

projected this direction onto the tangent space orthogonal to the constraint normals of C(A)

and the leading eigenvalue. Finite reweightings exponentiated the supported log weights and

were corrected along these normals to restore C(A′) = C(A) and ρ(A′) = 1; a scalar step set

the requested distance ∥A′ − A∥F . We denote this constraint-preserving retraction by RA. It

preserved symmetry, a zero diagonal, the original positive edge set, exact wiring cost, and unit

spectral radius.

Local positive and negative reweightings used ∥A′ − A∥F = 0.001∥A∥F . For each response

order, eight Gaussian log-weight directions were retracted under the same constraints and mag-

nitude to form random controls. The main signed-gradient, random-control, magnitude, and

target-resolved capacity analyses used one common temporal input stream. Signed-gradient

endpoints were repeated on two additional streams, and combined-gradient capacities were av-

eraged across all three. Connection-level change was log(A′
ij/Aij). Displayed connections were

present in at least 80 participants and changed with the same sign in at least 75% of those

participants; up to the 30 largest absolute cohort-median changes were shown per group. Nodal

strength was the sum of all incident recurrent weights.

The magnitude analysis repeated positive and negative reweightings at five equally spaced

distances from zero to 0.001∥A∥F . For each participant and response order, the bidirectional

capacity change was

∆Cbi =
∆C(+∇Aκj)−∆C(−∇Aκj)

2
. (18)

For the combined-gradient analysis, let d1 and d2 denote the unit projected log-weight directions

for κ1 and κ2. We mixed them as cos θ d1 + sin θ d2 at 16 equally spaced angles θ ∈ [0, 2π),

reprojected each mixture, and applied the same 0.1% retraction. First angular harmonics of the

two capacity changes defined a 2 × 2 local gain matrix. Its normalized span was the absolute

determinant divided by the product of its column norms, with zero indicating collinear effects

and one indicating orthogonal effects.
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4.10 Target-directed and repeated constrained reweighting

The target controller recomputed the relevant response gradient after each accepted reweighting

and selected its sign to reduce the remaining target error. Positive and negative paths began

at the baseline connectome and visited targets from nearest to farthest. Candidate steps used

the retraction RA, were limited to 0.001 times the Frobenius norm of the current adjacency,

and were shortened when they failed to reduce the error or crossed the target. A response

target was considered attained when its absolute error was at most 0.01. We evaluated ∆κj ∈

{−2,−1, 1, 2, 3}. Searches used at most 1,000 accepted steps, of which the first 500 are displayed

in Fig. 6A.

For the simulated-capacity validation in Fig. S13, positive and negative response excursions

were defined by ten constrained gradient steps. Targets were placed at one-third and two-thirds

of each excursion. The corresponding simulated capacity was evaluated at the reached endpoints

on three independent temporal input streams and averaged within participant.

Joint control used four sign combinations formed by increasing or decreasing each response

dimension by one-third of its participant-specific ten-step excursion. At each iteration, the two

log-weight gradients were scaled by these excursions and combined by a damped least-squares

update that reduced the larger normalized component error. Searches used at most 20 iterations.

A joint target was considered attained when both component errors were no larger than the

smaller of 0.01 response units and 10% of the specified change.

To test whether a joint response target uniquely determined the connection-weight changes,

we generated random log-weight directions orthogonal to both response gradients, the standard

adjacency change, and the two constraint normals. After an equal-distance retraction, the joint

controller removed the residual target error. Two alternative reweightings were constructed for

each participant and target. Distinctness was measured by cosine similarity between adjacency-

change vectors, and target accuracy was the minimum percentage accuracy across the standard

and alternative reweightings and both response dimensions.

Locally attained headroom was estimated by repeatedly following the positive response

gradient from the baseline connectome for at most 1,000 accepted steps, with backtracking used

to preserve ascent. Every search was still increasing at the step limit, so its endpoint was treated

as a lower bound rather than an optimum.

For sparse gain recovery, existing undirected connections were ranked by their absolute

weight change at the unrestricted endpoint. Constrained searches then modified only the top
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0.2, 0.5, 1, 2, 5, 10, 20, 50, or 100% of connections. Weight- and tract-length-matched random

subsets provided controls at each fraction. Recovery was

100×
κrestricted − κempirical

κunrestricted − κempirical
. (19)

The procedure was applied independently in HCP-YA and HCP-Aging.

4.11 Statistical analysis

All reported confidence intervals are 95% percentile-bootstrap intervals. Resampling followed

the independent unit of each analysis: a synthetic reservoir within its topology–size group,

a participant, or an input map within a fixed non-human connectome. Prediction intervals

were calculated from fixed out-of-fold predictions and therefore quantify variation across the

evaluated observations rather than uncertainty from refitting the complete prediction procedure.

The associations were quantified with Spearman’s ρ; Pearson correlations were used only

where stated for capacity scores. Paired participant comparisons used sign-flip randomization,

and variation across the seven Yeo networks was tested by permuting network labels within

participant. Holm adjustment controlled multiplicity across paired response-order or capacity

comparisons and across the two response-versus-graph comparisons. Network-specific follow-up

tests used the Benjamini–Hochberg false-discovery-rate procedure. Monte Carlo randomization

values were calculated as (1 + nextreme)/(1 + ndraws).

Citation diversity statement

Recent work in several fields of science has identified a bias in citation practices such that papers

from women and other minority scholars are under-cited relative to the number of such papers

in the field55–63. Here we sought to proactively consider choosing references that reflect the

diversity of the field in thought, form of contribution, gender, race, ethnicity, and other factors.

First, we obtained the predicted gender of the first and last author of each reference by using

databases that store the probability of a first name being carried by a woman59;64. By this

measure (and excluding self-citations to the first and last authors of our current paper), our

references contain 7.15% woman (first)/woman (last), 6.11% man/woman, 19.52% woman/man,

and 67.22% man/man. This method is limited in that a) names, pronouns, and social media

profiles used to construct the databases may not, in every case, be indicative of gender identity
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and b) it cannot account for intersex, non-binary, or transgender people. Second, we obtained

predicted racial/ethnic category of the first and last author of each reference by databases

that store the probability of a first and last name being carried by an author of color65;66.

By this measure (and excluding self-citations), our references contain 12.75% author of color

(first)/author of color (last), 19.06% white author/author of color, 22.32% author of color/white

author, and 45.87% white author/white author. This method is limited in that a) names

and Florida Voter Data used to make the predictions may not be indicative of racial/ethnic

identity, and b) it cannot account for Indigenous and mixed-race authors, or those who may

face differential biases due to the ambiguous racialization or ethnicization of their names. We

look forward to future work that could help us to better understand how to support equitable

practices in science.

Data availability

The Human Connectome Project Young Adult S1200 data analysed in this study are publicly

available from the WU-Minn HCP Consortium through the ConnectomeDB repository (https:

//db.humanconnectome.org) under the HCP Open Access Data Use Terms. The HCP-Aging

2.0 Release data are available from the NIMH Data Archive (https://nda.nih.gov; DOI:

10.15154/1520707) under the NDA Data Use Certification. The Schaefer 400-region parcellation

is publicly available45. The Drosophila, rat, and mouse connectomes47–49 are available from the

processed connectivity data distributed with the conn2res toolbox (https://doi.org/10.

5281/zenodo.10205004)18, and the macaque connectome50 is available from Zenodo (https:

//doi.org/10.5281/zenodo.1464105). Source data are provided with this paper.

Code availability

All codes and statistics required to reproduce the figures are made available at https://www.

soveshmohapatra.com/research/connectome-compiler.

References

[1] Vyas, S., Golub, M. D., Sussillo, D. & Shenoy, K. V. Computation through neural popu-

lation dynamics. Annual Review of Neuroscience 43, 249–275 (2020).

30

https://db.humanconnectome.org
https://db.humanconnectome.org
https://nda.nih.gov
https://doi.org/10.5281/zenodo.10205004
https://doi.org/10.5281/zenodo.10205004
https://doi.org/10.5281/zenodo.1464105
https://doi.org/10.5281/zenodo.1464105
https://www.soveshmohapatra.com/research/connectome-compiler
https://www.soveshmohapatra.com/research/connectome-compiler


[2] Churchland, M. M. et al. Neural population dynamics during reaching. Nature 487, 51–56

(2012).

[3] Shenoy, K. V., Sahani, M. & Churchland, M. M. Cortical control of arm movements: A

dynamical systems perspective. Annual Review of Neuroscience 36, 337–359 (2013).

[4] Mante, V., Sussillo, D., Shenoy, K. V. & Newsome, W. T. Context-dependent computation

by recurrent dynamics in prefrontal cortex. Nature 503, 78–84 (2013).

[5] Deco, G., Jirsa, V. K. & McIntosh, A. R. Emerging concepts for the dynamical organization

of resting-state activity in the brain. Nature Reviews Neuroscience 12, 43–56 (2011).

[6] Honey, C. J. et al. Predicting human resting-state functional connectivity from structural

connectivity. Proceedings of the National Academy of Sciences 106, 2035–2040 (2009).
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