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Appendices702

A1. Demonstration that expectation of count of spike time intersections703

depends only on area704

We would like to show that the expectation of the number of spike time intersections within a shaded705

region of a plot like Fig 1c depends only on its area. In general we will consider shapes that are706

su!ciently well-behaved that they can be approximated to arbitrary accuracy by dividing them into707

a collection of small non-overlapping rectangles of size dsdt (Fig S1a). Let the pre-synaptic spike708

counts in each small time window of length dt be n1
j , n

2
j , . . . , and the post-synaptic spike counts709

within a window of length ds be n1
i , n

2
i , . . . , where the superscript indexes the window. If we consider710

constant pre- and post-synaptic firing rates, rj and ri, respectively, then the expectation of the count711

of intersections within one window of area dsdt is equal to712

E[n1
in

1
j ] = E[n1

i ]E[n
1
j ] = rirjdsdt. (17)

Integrating over the shaded shape A yields713

∫

A
rirjdsdt = rirj

∫

A
dsdt = Arirj , (18)

where A is the area of A.714

A2. Correction term for the block approximation715

For K = Round[L/(2”c)], we want to set K(Lblock)2 equal to the area of the original gray band. That716

is,717

K[(1 + ω)2”c]
2 = L2

→ (L→”c)
2 (19)

so718

ω =

√
L2 → (L→”c)2

4”2
cK

→ 1 =

√
2L”c →”2

c

4K”2
c

→ 1 =

√
L→”c/2

2K”c
→ 1. (20)

A3. Gaussian approximation for counting coincidence events719

To compute the Gaussian approximations in Fig 1f and S2b we first computed the mean and variance720

of the distribution estimated via the block approximation. We then computed the Gaussian probability721

density associated with this mean and variance, discretized it over integer support, and normalized722

the corresponding probability mass to sum to 1.723

A4. Block approximation for biphasic STDP724

For the biphasic STDP rule (Fig 1b, bottom) we assume that if a pair of pre- and post-synaptic spikes725

occur within ”c of each other, a plasticity event is triggered corresponding to a weight change of726

+1 if the post- follows the pre-synaptic spike and -1 if the pre- follows the post-synaptic spike [2, 3].727

Geometrically, the final weight is the sum of intersections in the top half of the diagonal band shown728

in Fig S1b minus the sum of intersections in the bottom half of the band. To approximate this count729

distribution while accounting for correlations between coincidence events, we take a related approach730

to the monophasic block approximation (Fig 1c), except here breaking each block into a left half731

corresponding to potentiation events, and a right half corresponding to depression events, with the732

total block size Lblock computed in the same manner as for monophasic STDP (Fig S1b).733

As for the monophasic STDP analysis, the total count of plasticity events is the sum of plasticity734

events in each block, since each block is independent. Within each block, however, there is a dependency735

between the event counts in the left (potentiation) vs right (depression) halves of the block, due to736

the shared post-synaptic spike count nblock
i ↑ Poisson(riLblock). The pre-synaptic spike counts in the737

left and right half of the blocks are nblock
j+ ↑ Poisson(rjLblock/2) and nblock

j→ ↑ Poisson(rjLblock/2),738

respectively. The count of potentiation intersections minus depression intersections within a block is739

then given by740

cblock = nblock
i nblock

j+ → nblock
i nblock

j→ . (21)
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Since nblock
i , nblock

j+ and nblock
j→ are all independent, the distribution over cblock is then given by741

P (cblock) =
∑

nblock
i

∑

nblock
j+

∑

nblock
j→

P (nblock
i )P (nblock

j+ )P (nblock
j→ ) [cblock = nblock

i nblock
j+ → nblock

i nblock
j→ ], (22)

which can be directly computed if a reasonable truncation of the sum is admitted. As in the monophasic742

STDP rule, the distribution P (c) over the total (signed) count of plasticity events across all blocks is743

given by the (K → 1)-fold convolution of P (cblock) with itself.744

A5. Joint entropy of weight changes of multiple synapses sharing one neuron745

Here we compute the “star motif” entropies for the STDP and sum rules (Fig 3d, left). We can746

compute this entropy via a natural extension of the block approximation for the monophasic STDP747

rule. Without loss of generality, consider m synapses wij1 , wij2 , . . . wijm , i.e. all pointing away from748

neuron i (the directionality of synapses does not matter for the entropy calculation for monophasic749

STDP or sum rules). Let cblockij be the coincidence count for synapse wij :750

cblockij1 = nblock
i nblock

j1 , cblockij2 = nblock
i nblock

j2 , . . . cblockijm = nblock
i nblock

jm . (23)

Recalling that nblock
i , nblock

j1 , . . . , nblock
jm are all independent, we find that the total joint probability751

distribution is752

P (cblockij1 , cblockij2 , . . . , cblockijm ) =
∑

nblock
i

∑

nblock
j1

· · ·

∑

nblock
jm

P (nblock
i )P (nblock

j1 ) . . . P (nblock
jm )

↓
[
cblockij1 = nblock

i nblock
j1 & cblockij2 = nblock

i nblock
j2 & . . . & cblockijm = nblock

i nblock
jm

]
.

(24)

The final distribution summed over blocks is then computed as before via the (K → 1)-fold m-753

dimensional convolution of P (cblockij1 , cblockij2 , . . . , cblockijm ) with itself and its entropy computed directly.754

We call this entropy hR
m↑, which reduces to the single-synapse entropy when m = 1 and the pairwise755

entropy of two synapses sharing one neuron when m = 2.756

Unfortunately, computing hR
m↑ quickly becomes intractable as m increases due to the curse of757

dimensionality. To make this computation tractable, we used a truncated support for the Poisson758

distributions P (nblock
i ), P (nblock

j1 ), . . . starting from 0 and capturing a fraction 1 → 10→4 of the total759

probability mass. Additionally, in performing the final (K → 1)-fold convolution, we systematically760

reduced the support after each convolution by truncating the resulting distribution within a bounding761

box that retained a fraction 1 → 10→5 of the total probability mass. Using these approximations, we762

succeeded in computing hR
m↑ up to m = 5 for the STDP rule and m = 6 for the sum rule.763

To estimate hR
m↑ for larger m, we employed a further approximation. We first noted the decay of764

”hR
m↑ with m, where ”hR

m↑ = hR
m↑ → hR

m→1↑ (Fig 3d) along with the observation that ”hR
m↑ should765

remain above zero for large m since adding a new synapse will always introduce at least some additional766

entropy into the joint distribution, following from the entropy of the new neuron associated with767

that synapse. To capture these trends parsimoniously we fit a simple extrapolation model ”̂h
R

m↑ =768

A exp(→m/εm)+ b using a standard constrained optimization algorithm (scipy.optimize.curve fit, [74];769

Fig 3d). Most values of”↑
c produced reasonable fits (Fig S4a), but some yielded pathological parameter770

values (e.g. b < 0). We identified these pathological cases by manual inspection, removed them from771

the fits, then resampled b via a cubic interpolation between the minimal and maximal b for the non-772

pathological fits, and directly recomputed A and εm to retain the same value of ”̂h
R

1↑ and its first773

derivative d”̂h
R

m↑/dm evaluated at m = 1. Example final fits are shown in Fig 3d. We emphasize that774

our essential goal here was to capture the qualitatively observed decay to a plateau of ”hR
m↑ in order775

to provide a tractable extrapolation of hR
m↑ for large star motif sizes m beyond those which we were776

able to compute directly via Eq. 24, rather than deriving a principled expression for these quantities.777

When computing network entropy (A6), we used the directly computed hR
m↑ when possible (m = 5 for778

the STDP rule and m = 6 for the sum rule) and the extrapolated values otherwise.779

A6. Estimation of STDP and sum rule entropy in a network780

We employed the following procedure to estimate the joint synaptic weight entropy produced by781

either STDP or the sum rule in a recurrent Poisson spiking network. Our central goal is to account782
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for as large a portion as possible of the correlation structure of the synapses in the network in an783

analytically tractable manner. We first randomly sample a set of M synapses {wij} to be plastic784

from a total of N2
→ N possible synapses (self-connections area excluded). We then estimate the785

entropy of the network, hR
Ntwk, leveraging the star motif entropies computed above (Appendix A5)786

and two important approximations. Approximation 1, is: if a set of synapses #1 share no neurons787

with a second set of synapses #2, then the weights of #1 are conditionally independent of #2 given all788

intermediate synapses; where intermediate synapses are all additional synapses included in all paths789

from any synapse in #1 to any synapse in #2; and where a path from wij to wkl means any undirected790

sequence (i.e. we ignore which direction synapses point) of synapses linking neuron i or j to neuron k791

or l. In on our original network model, synapses sharing no neurons are only marginally independent,792

hence conditional independence imposes further structure.793

The algorithm is initialized by adding the first synapse to the network, which simply increases the794

total network entropy from 0 to hR
1 , the entropy of a single synapse given the learning rule (STDP795

or the sum rule), which was computed in our single-synapse analysis (Figs 1-2). The algorithm then796

proceeds recursively by adding in the remaining M → 1 synapses one-by-one and updating the joint797

entropy in turn. Let hR
m be the joint entropy of m synapses already included in the computation. To798

include synapse m + 1 and compute hR
m+1, we first define the following. Let #B correspond to the799

“neighborhood” of synapse m+1, i.e. all existing synapses that share one neuron with synapse m+1800

(Fig 3c, lower right). Let #A correspond to all existing m synapses excluding #B , the neighborhood801

of the next synapse, and let #C corresponds to synapse m+ 1 itself. By Approximation 1, we assume802

#C is conditionally independent of #A given #B . Leveraging the chain rule for entropy in combination803

with this approximation yields804

hR
m+1 ↔ H[#A,#B ,#C ] = H[#A,#B ] +H[#C |#A,#B ] ↗ H[#A,#B ] +H[#C |#B ]

= H[#A,#B ] +H[#B ,#C ]→H[#B ] = hR
m +H[#B ,#C ]→H[#B ],

(25)

as depicted in Fig 3c.805

We must thus compute H[#B ] and H[#B ,#C ]. To do so, let neurons i and j be the post- and806

pre-synaptic neurons of synapse m+1, respectively. Let #i and #j be the sets of synapses emanating807

(regardless of direction) from i and j, respectively, excluding synapse m+1. We now employ Approx-808

imation 2: assume P (#i,#j) = P (#i)P (#j) and P (#i,#j |#C) = P (#i|#C)P (#j |#C). I.e. we assume809

#i and #j are both marginally independent as well as conditionally independent given synapse m+ 1810

(which is equivalent to #C)—essentially, this ignores any shared neurons between #i and #j . Then811

H[#B ] ↗ H[#i] +H[#j ] = hR
mi↑ + hR

mj↑ (26)

where mi = |#i| and mj = |#j | and hR
m↑ is the star motif entropy computed above (Appendix A5).812

Similarly,813

H[#B ,#C ] ↗ H[#i,#C ,#j ] = H[#i,#C ] +H[#j |#i,#C ]

↗ H[#i,#C ] +H[#j |#C ] = H[#i,#C ] +H[#j ,#C ]→H[#C ]

= hR
mi+1↑ + hR

mj+1↑ → hR
1 .

(27)

When possible we use the directly computed values of hR
m↑ (m ↘ 5 for STDP and m ↘ 6 for the sum814

rule), otherwise we use the extrapolation of these quantities described in Appendix A5. As expected,815

Approximation 2 is used rarely for sparse networks and increasingly frequently as the density of plastic816

synapses increases (Fig S4b).817

A7. Estimation of entropy from samples818

To estimate entropy of count distributions from simulations with finite samples, we expand the entropy819

in 1/Nsamp, fit a first-order model,820

Hsamp

(
1

Nsamp

)
= Htrue + ϑ

(
1

Nsamp

)
+ · · · (28)

then extrapolate the model prediction to 1/Nsamp ≃ 0 [75, 76]. In our simulations we first generate821

30,000 independent samples of the total plasticity event counts. Then, using Nsamp ⇐ [500, 250, 100, 50]822

we resample Nsamp samples from the total collection of samples and compute the entropy averaged823

over 2000 trials of this resampling process. We then use least-squares regression to estimate Htrue.824
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A8. Physically constrainted optimal information retention simulations825

Illustrative simulations of deterministic gating of plasticity in Fig 4a were performed by assuming each826

synapse was independent, i.e. no synapses shared any pre- or post-synaptic neurons, and sampling827

each synapse’s pre- and post-synaptic spike trains from a Poisson process, with equal rates r = 0.5828

Hz across all neurons. The parameters of each simulation were chosen such that the total information829

retention (entropy of the final joint synaptic weight changes) was approximately equal. Specifically,830

Simulation A used L = 3s and an STDP rule with ”↑
c = .109, Simulation B used L = 1s and the831

1-factor rule, and Simulation C used L = 2.2s and an STDP rule with ”↑
c = 0.8515.832

A9. Information retention with stochastic plasticity gating833

Here we compute the information stored in synaptic weights about spike trains when the plasticity834

gating signals are stochastic. We divide the learning session of length T into Q periods, each of length835

L, the duration of an individual plasticity period. Let eqij be the eligibility trace at synapse (i, j) in836

period q, determined from the spikes in that period via plasticity rule R. Let gqij ⇐ {0, 1} be the gating837

signal at synapse (i, j) in period q. If gqij = 1, the synapse is plastic during period q, and the eligibility838

trace eqij is converted to a weight change wq
ij ⇒ eqij ; if g

q
ij = 0 then the synapse does not change during839

period q, regardless of eqij . We will also assume pg ↔ p(gqij = 1) ⇑ 1, i.e. the probability of a non-zero840

gating signal is small, such that the chance of two gating non-zero signals occurring the in the same841

synapse over the Q periods is negligible (sparse plasticity). Our precise goal is then to compute:842

MI[{wij}; {t
l
k}] = H[{tlk}]→H[{tlk}|{wij}]

= H[{tlk}]→
∑

{vij}

p({wij} = {vij})H[{tlk}|{wij} = {vij}] (29)

where {vij} represents a specific instance of the weights. Let there be Mtotal = |{wij}| = |{vij}|843

synapses in total (which are not all necessary made plastic during the learning session).844

For simplicity and to illustrate our key scientific points, in all of the analysis in these section we845

use binary eligibility traces eqij ⇐ {0, 1}, with pe ↔ p(eqij = 1) and p(eqij = 0) = 1 → pe. Further, let846

he = →pe log pe → (1 → pe) log(1 → pe) be the entropy of eqij . We first assume that all synapses are847

independent, such that eqij are independent across all periods and synapses. Since the eligibility traces848

are a deterministic function of the spikes, and {wij} is independent of the spikes given the eligibility849

traces, we have850

MI[{wij}; {t
l
k}] = MI[{wij}; {e

q
ij}]

= H[{eqij}]→
∑

{vij}

P ({wij} = {vij})H[{eqij}|{wij} = {vij}]. (30)

That is, once the eligiblity traces are known, the precise spike timing that gave rise to them can have851

no further influence on the weights. As all eligibility traces are independent, H[{eqij}] = QMtotalhe.852

Finally, assume that P ({wij}) is su!ciently dominated by typical values of {wij} that we can approx-853

imate854 ∑

{vij}

P ({wij} = {vij})H[{eqij}|{wij} = {vij}] ↗ H[{eqij}|{wij} = {vij}], (31)

where we assume {vij} on the right-hand side is a typical final set of weights at the end of the learning855

session, i.e. the number of potentiated synapses is very close to its mean. Thus, our remaining task is856

to compute the right hand side of Eq. 31, which is a functional of p({eqij}|{vij}). The central challenge857

in computing the latter is marginalizing over the gating signals {gqij}.858

Here we consider two specific cases. In Case 1, Random Gating of Plasticity, we will assume all859

gating signals gqij are independent. In Case 2, Clustered Gating of Plasticity, we will assume that the860

gating signals are clustered; that is, we organize the synapses into clusters and assume that in any861

given period all synapses in a cluster receive the same gating signal.862

Case 1: Random Gating of Plasticity863

Given {vij}, the eligibility trace sequences {eij}, where eij ↔ [e1ij , . . . , e
Q
ij ]

T , are independent across864

synapses: p({eqij}|{vij}) =
∏

(i,j) p(eij |vij), allowing us to simply add the entropies of each term in the865
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product (Fig S5a). Letting gij ↔ [g1ij , . . . g
Q
ij ]

T be the gating sequence of synapse (i, j), we have866

p(eij |vij) =
∑

gij

p(eij ,gij |vij) =
∑

gij

p(eij ,gij , vij)

p(vij)
=

∑

gij

p(eij)p(gij) [vij = eTijgij ]

p(vij)
, (32)

where the final equality follows from the fact that vij = eTijgij is a deterministic function of eij and867

gij . Define868

fωεϑ = p(eij = [1, 1, . . . , 0]T )p(gij = [1, 0, . . . , 0]T )/p(vij = ϖ) (33)

where eij contains ϱ 1’s, and gij contains ς 1’s; fωεϑ is equal for all arrangements of 1’s in eij and869

gij . Each term in the right hand side of Eq. 33 can be computed directly: p(eij) = pωe (1 → pe)Q→ω,870

p(gij) = pεg (1→ pg)Q→ε ,871

p(vij = 0) =
∑

gij

p(vij = 0|gij)p(gij) = (1→ pg)
Q +Qpg(1→ pg)

Q→1(1→ pe), (34)

and similarly872

p(vij = 1) = Qpg(1→ pg)
Q→1pe, (35)

where we have assumed p(gij) is negligible for any ς > 1, since pg ⇑ 1. Then, using Eq. 32 and Fig873

S5b as a guide to sum over gij , we have that874

p(eij |vij = 0) =
∑

gij

fωε0 [vij = eTijgij ] = fω00 + (Q→ ϱ)fω10

p(eij |vij = 1) =
∑

gij

fωε1 [vij = eTijgij ] = ϱfω11
(36)

where we recall that ϱ is a function of eij .875

The entropies are876

hrand
0 ↔ H[eij |vij = 0] =

∑

eij

p(eij |vij = 0)(→ log p(eij |vij = 0)) (37)

and877

hrand
1 ↔ H[eij |vij = 1] =

∑

eij

p(eij |vij = 1)(→ log p(eij |vij = 1)), (38)

where hrand
0 (hrand

1 ) is the entropy of the eligibility trace sequence for an unpotentiated (potentiated)878

synapse, i.e. vij = 0 (vij = 1).879

Using Fig S5b again as a guide, but now to sum over eij , we find:880

hrand
0 =

Q∑

ω=0

(
Q

ϱ

)
(fω00 + (Q→ ϱ)fω10)(→ log[fω00 + (Q→ ϱ)fω10]) (39)

and881

hrand
1 =

Q∑

ω=0

(
Q

ϱ

)
ϱfω11(→ logϱfω11), (40)

where we have grouped terms by ϱ. The final entropy is therefore882

H[{eqij}|{wij} = {vij}] = msyn
0 hrand

0 +msyn
1 hrand

1 (41)

where msyn
0 and msyn

1 are the number of non-potentiated and potentiated synapses. For a typi-883

cal sparse {vij} where the number of potentiated synapses is very close to its mean, and assum-884

ing di$erent synapses have been potentiated at each timestep (sparse gating of plasticity) we have885

msyn
1 = QMtotalpepg, and msyn

0 = Mtotal →msyn
1 .886
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Case 2: Clustered Gating of Plasticity887

Here we organize the Mtotal synapses into clusters of Z synapses each, yielding Y = Mtotal/Z clusters.888

We will assume clusters are large: Z ⇓ 1. In any period, all synapses in the same cluster receive the889

same gating signal. Let Z0 = (1→ pe)Z and Z1 = peZ be the mean number of synapses experiencing890

an eligibility trace of 0 and 1, respectively, in a cluster. Let pclustg be the probability that a cluster is891

plastic during one period. We would like the expected total number of plastic synapses in each period892

to be equal to the Random Gating case, so we need pgMtotal = pclustg Y Z, hence pclustg equals pg.893

Given {vij}, the eligibility traces Ey ⇐ {0, 1}Z↓Q in cluster y are independent from all other894

clusters. Thus, it su!ces to compute the entropy associated with each cluster individually (Fig S5c).895

Assuming pg ⇑ 1, each cluster can be plastic in at most one period. For nonzero pe and large Z, it will896

also be extremely unlikely that a cluster receiving a gating signal experiences no potentiation events.897

Hence, clusters in which any weight vij = 1 almost certainly experienced exactly one gating signal,898

and clusters in which all vij = 0 almost certainly experienced no gating signals. We will also assume899

peZ = Z1 is su!ciently large that the number of potentiated synapses in a cluster that experienced900

a gating signal is highly concentrated around the mean Z1. Let wy be the weights in cluster y and901

vy be a typical set of potentiated weights in the cluster, i.e. containing about Z1 1’s and Z0 0’s. Let902

Gy ⇐ {0, 1}Z↓Q be the gating signals in cluster y. If a cluster received no gating signal, no information903

is retained about the eligibility traces, hence their entropy is equal to their prior entropy904

hclust
0 ↔ H[Ey|wy = 0] = ZQhe. (42)

To determine the entropy of a cluster that received a gating signal, we compute905

p(Ey|vy) =
∑

Gy

p(Ey, Gy|vy) =
∑

Gy

p(Ey, Gy,vy)

p(vy)
=

∑

Gy

p(Ey)p(Gy) [vy =
∑

q E
q
y ⇔Gq

y]

p(vy)
(43)

where ⇔ is the element-wise product and Eq
y and Gq

y are the q-th columns of Ey and Gy, respectively906

(Fig S5d). We will also assume that p(Ey|vy) is dominated by typical Ey (containing about Z1 1’s907

in each column), such that it will su!ce to assume most Ey are typical when computing the entropy.908

Define909

f↑ = p(E↑
y , G

↑
y|vy) = p(E↑

y)p(G
↑
y)/p(vy), (44)

where here E↑
y contains at least one column equal to vy and all others columns containing Z1 1’s, G↑

y910

contains one column of 1’s with all other columns equal to 0, and vy is a representative typical vector911

of weights containing Z1 1’s. We are allowed to ignore Ey containing zero copies of vy because these912

terms vanish in the right-hand side of Eq. 43 (since there is no way such eligibility traces could have913

been converted into weights vy). Then,914

p(E↑
y) = pZ1Q

e (1→ pe)
Z0Q p(G↑

y) = pg(1→ pg)
Q→1

p(vy) =
∑

Gy

p(vy|Gy)p(Gy) = Qp(G↑
y)p(vy|G

↑
y) = Qpg(1→ pg)

Q→1pZ1
e (1→ pe)

Z0 , (45)

where G↑
y has one column of 1’s (the cluster was plastic at exactly one timestep). Using Fig S5d as a915

guide to sum over Gy, we arrive at916

hclust
1 ↔ H[Ey|wy = vy] ↗

Q∑

ϖ=1

(
Q

φ

)[(
Z

Z1

)
→ 1

]Q→ϖ

φf↑(→ log φf↑), (46)

where φ is the number of copies of vy contained in the columns of Ey and the two multiplicity terms917

correspond to (1) the number of ways to arrange φ copies of vy and (2) the number of ways to arrange918

the nonzero eligibility traces in each remaining column (the -1 excludes the arrangement equal to vy),919

respectively. For large Z and Z1 the probability mass is concentrated in the first term of the sum,920

hence we can further simplify921

hclust
1 ↗ → log f↑. (47)

Finally, we have922

H[{eqij}|{wij} = {vij}] ↗ yclust0 hclust
0 + yclust1 hclust

1 , (48)

where yclust1 ↗ QY pg clusters are typically written to over the learning session and yclust0 = Y → yclust1923

are left undisturbed.924
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Case 2.1: Post-synaptically Clustered Gating of Plasticity925

When gating is clustered but eligibility traces are independent, then at low firing rates the sum rule926

stores the most information, followed by the 1-factor and then the STDP rule (Fig 2e). When synapses927

in a cluster share a post-synaptic neuron, however, information storage using the sum rule degrades,928

approaching that of a pre-synaptic 1-factor rule. This is because across Z synapses in a cluster, the929

information stored by the pre-synaptic 1-factor rule in one plasticity period is Zh1f
1 and including the930

post-synaptic activity can increase this entropy by at most ↑ O(1) bits, which is negligible for large Z.931

Thus, post-synaptically clustering e$ectively reduces the information stored by the sum rule to that932

of the 1-factor rule.933

In our analysis we therefore assumed that when gating signals were post-synaptically clustered,934

the pre-synaptic 1-factor rule was used to convert spike trains into plasticity events. We then sought935

to compare the information stored in this scenario to that stored in independent synapes obeying936

the sum rule but with fully random gating. For a given amount of total information stored in the937

post-synaptically clustered case (y-axis in Fig 4j), we used the curves in Fig 4h (right) to determine938

pe, converted this to an entropy he = →pe log pe → (1→ pe) log(1→ pe), then converted this entropy to939

↼ using the 1-factor curve in Fig 2e. The energy was then determined via L = r↼ and Eq. 15, using940

M = 107 synapses, ϑ = 1, and r = 1 Hz (note that the value of r does not a$ect the results). To941

compute the equivalent information for Random Gating we looked up the entropy for the sum rule at942

the same ↼ (Fig 2e), converted this to a new pe, then used this pe to compute the information for the943

Random Gating case (Fig 4j, black).944

Curiously, information storage is not maximized for pe = .5 for the Random Gating case. In945

particular, for a given fixed total energy, decreasing ↼ and in turn pe can (1) increase information946

stored per synapse, as well as (2) increase the total number of synapses that can be used, since947

decreasing ↼ decreases L, allowing M to be increased as per Eq. 15. For the Random+ case (Fig 4j,948

teal), we therefore decreased ↼ and increased M , holding the energy (originally determined from the949

post-synaptically clustered case) fixed, until information storage was maximized. We then reported this950

total information, divided by the original number of synapses used in the post-synaptically clustered951

case, such that the curves in Fig 4j compare in the total information stored in the three cases in the952

same units.953

A10. Estimation of plateau potential rate954

We estimated the rate of spontaneous plateau potentials in CA3 based on experimental data reported955

in [8]. In this data only 14 out of 185 CA3 pyramidal neurons recorded exhibited at least one plateau956

potential during the recording. Assuming Poissonian plateaus, we can estimate the mean rate of957

plateaus, ↼plateau, per recording as958

Ppoiss(nplateau = 0|↼plateau) = e→ϱplateau = 171/185 so ↼plateau ↗ .08 (49)

Although durations of individual neural recordings were not reported, mice were trained in 1-hour959

behavioral sessions prior to neural recordings. Using a range of 20 minutes to 1 hour as a stand-in960

recording length produces an overall plateau rate in the range of 10→5 to 10→4 Hz (which we additionally961

note is less than the rate of plateau potentials produced in CA1 [27, 28, 29]).962
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Figure S1: Auxiliary diagrams for block approximations. a. Schematic demonstrating how
expected number of pre- and post-synaptic intersections depends only on shaded area (Appendix A1).
b. Schematic of block approximation for anti-symmetric biphasic STDP rule (Appendix A4).
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Figure S2: Block approximations for STDP rules. a. Example coincidence event distributions
using the block approximation (blue) vs simulations (black circles) at high ↼ and”↑

c for the monophasic
STDP rule. b. Example block approximations (blue), simulations, and Gaussian approximation
(green) for the biphasic STDP rule for several parameters. c. Kullback-Leibler divergences (DKL)
between coincidence count distributions estimated via the block approximation and simulations vs ↼
for example ”↑

c (top) or vs ”↑
c for example ↼ (bottom) for the biphasic STDP rule. d. Heatmap of

the DKL computed in c, for a range of ↼ and ”↑
c .
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Figure S3: Information retention by mono- vs biphasic STDP rules. a. Single-synapse weight
entropies produced by mono- vs biphasic STDP rules, estimated from simulations, vs”↑

c and ↼. Weight
entropies produced by 1-factor and sum rules are shown in the horizontal lines for each ↼ plot. b.
Heatmap representation of entropy di$erence between the mono- (STDP-m) and bi-phasic (STDP-b)
rules.
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Figure S4: Meta-analysis of network entropy computations. a-b. Initial and adjusted fits of the
entropies of di$erent star motif sizes for the STDP rule for ”↑

c ranging from 0.01, 0.02, . . . 0.3 (colored
lines), with ”↑

c = 0.01 corresponding to the bottom line (Appendix A5). c. Mean and standard
deviation (error bars) of star motif sizes accessed during the computation of the network entropy.
Gray and black horizontal dashed lines indicate star sizes of 5 (STDP) and 6 (sum rule) synapses,
and the vertical lines the corresponding network sizes at which these occur. d. Mean and standard
deviations of overlap sizes (number of shared neurons between #i and #j ; Fig 3c) encountered during
the computation of the network entropy for STDP and the sum rule. Vertical lines are as in c.
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Figure S5: Computing information retention with stochastic plasticity gating. a. Schematic
of Random Gating of Plasticity (Appendix A9, Case 1). Inscribed 1’s indicate positive eligibility
traces and pink shading positive gating signals. b. Diagram indicating how the eligibility trace
entropies conditional on single-synapse weights are computed. First the joint distribution p(eij ,gij |vij)
is determined, then summing over gij yields p(eij |vij), whose entropy is determined using Shannon’s
formula [32]. c. Schematic of Clustered Gating of Plasticity (Appendix A9, Case 2). d. Diagram
indicating how the eligibility trace entropies given a typical potentiated cluster are computed. First
the joint distribution p(Ey, Gy|vy) is determined, then we sum over Gy to obtain the p(Ey|vy) and
compute its entropy.
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