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Abstract—We present g—Multiplexed Gradient Descent (4-
MGD), a fully neuromorphic algorithm that consistently per-
forms alongside backpropagation with orders of magnitude fewer
gradient component calculations across a number of datasets
and network architectures. This performance is enabled by
the finding that perturbative methods perform near-optimally
when parameters are perturbed in the same direction as the
true ternary gradient, and that even a noisy estimate of the
gradient yields marked improvements in learning performance
and convergence time. We show that local synaptic information
can be used to make strong estimates of the ternary gradient
using only presynaptic activation and postsynaptic bias gradients.
Moreover, we find the latter can be cast into learnable class-
wise representations, which we call DeltaVecs. According to
these findings we realize a reduction of Numpies - N2 rons =
Neigsses * Nneurons i terms of gradient components that must
be explicitly computed per epoch. We further find that astrocyte-
inspired subnetworks are able to learn DeltaVec representations
in order to drive gradient-informed perturbations. Finally, we
stack these methods together and show that using only neuro-
inspired hardware-friendly operations we can perform alongside
backpropagation in networks on the scale of millions of parame-
ters, in DNNs, CNNs, and even transformers. Altogether, we offer
an algorithm implementing novel machine learning methods and
neuro-inspired operations to realize compelling neuromorphic
intelligence.

Index Terms—neuromorphic computing, neuromorphic algo-
rithms, neuromorphic hardware, astrocytes, three-factor learn-
ing, Hebbian learning, ternary gradients, model-free, multiplexed
gradient descent, perturbative methods, gradient dynamics

I. INTRODUCTION

Neuromorphic computing offers a viable path toward spe-
cialized hardware for artificial intelligence by leveraging
neuro-inspired physical-computing advantages for improved
design of intelligent systems. A key challenge in neuromorphic
computing is the development of hardware-suitable learning
algorithms that are competitive with the backpropagation
performance that drives nearly all learning in modern Al on
traditional hardware. This work proposes a novel connection
between astrocytes and perturbative methods, finding that
astrocyte-like subnetworks can use locally-estimated com-
pressed gradient representations to drive perturbations in order
to realize massive performance gains.

We present §-MGD, a hardware-friendly neuromorphic
learning algorithm that consistently performs alongside back-
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Fig. 1. MGD with gradient-aligned perturbations: As the percentage of

perturbations that are directed into signed-agreement with the ternary gradient
increases, performance and convergence time are both improved.
propagation across a number of datasets and network architec-
tures, including DNNs, CNNs, and transformers (preliminary),
with orders of magnitude computational savings that grow
with network size. 6-MGD is enabled by a sequence of
novel observations and techniques that culminate in a fully
neuromorphic learning scheme. These findings are enumerated
below, with labels corresponding to their respective section
numbers:

II Gradient-aligned perturbations (MGD-aligned): Per-
turbative methods can achieve backpropagation-like per-
formance by aligning perturbations with a low-precision,
noisy gradient estimation, as seen in Fig. 1.

III Local gradient estimation (Hebbian MGD): Using a
Hebbian-like correlation of locally available information,
a gradient estimation can be made to inform perturbation
directions and implement MGD-aligned.

IV Class-wise bias-gradient representations (DeltaVecs):
Bias gradients are found to have significant per-class
structure that enables a massive reduction in the gradient
search space, and offers a path to compact gradient
representations with persistent viability over time.

V Intelligent subnetworks (astrocytes): Astrocyte-like
subnetworks can serve to intelligently drive perturbations
in more useful directions. In particular, they are able to
efficiently learn, or sample, bias gradient representations
and apply them according to local information in order
to drive gradient-informed perturbations.

VI Fully neuromorphic implementation (5-MGD): 5-MGD
achieves backpropagation-like performance at a fraction
of the operational cost by using astrocytes to estimate
local class-wise gradient representations and drive aligned
perturbations.

Sections I-V present standalone findings that together support



the final algorithm 6-MGD of Sec. VI and lead to the final
results in VII. These findings mark a successful case of
neuro-inspired improvements to hardware-compatible machine
learning performance and are believed to be state-of-the-art
perturbative performance in terms of accuracy over efficiency
quotient [1]-[5].

II. GRADIENT-INFORMED PERTURBATIONS

We find that aligning perturbation vectors with a low-
precision gradient estimate yields massive performance gains
by maximizing perturbative signals measurable in the global
cost. This finding is applied in the context of the multiplexed
gradient descent (MGD) framework, which when directed
with gradient-informed perturbations is referred to as MGD-
aligned.

A. Perturbative Methods

Generally, perturbative methods correlate local parameter
changes with a global change in cost in order to estimate the
network gradient. Multiplexed gradient descent (MGD) [3] is
a model-free gradient-descent framework through which per-
turbative methods, such as SPSA [1], [2] and finite-difference
[6], can be implemented with hardware conscientiousness by
introducing a trio of time constants 7, 7y, and 7, governing
the perturbation process. For example, SPSA is realized within
the MGD framework when 7p=1 (simultaneous perturbation
of all parameters) and 7, = 1 (updating parameters after
every round of perturbations). Perturbations are drawn from
a Bernoulli distribution where each value has an equal and
independent chance of being assigned +e. In SPSA, gradients
are estimated for the i*" parameter according to

@M—chelz&zaﬁ (1)
where V; is the i'" component of the estimated gradient and
AC is the measured change in global cost with respect to
an unperturbed forward pass. Referring to Fig. 2 (top), we
see that the true sign of parameter-wise AC; is not always
correctly represented by the aggregate measure AC. This is
because SPSA cannot directly measure each contribution ACj,
but rather only sees their aggregate through total change in
network cost AC. The finite difference method [6] perturbs
parameters one-at-a-time to measure perfectly their individual
contributions to cost AC;, but pays for this estimation accu-
racy with required forward passes per gradient-estimate scaling
with the total number of network parameters Ng. MGD
benefits from a more practical approach whereby repeated
applications of Eqn. 1 with freshly drawn perturbation vectors
will strengthen the statistical correlation of each estimated
component with its true gradient by way of temporal inte-
gration. Increasing integration time 79 up to 79 = Ng will
recoup the same estimation accuracy as finite difference [2],
but again at the cost of Ng scaling. A key finding of MGD,
however, is that perfect gradient estimations are not required
to perform gradient descent, and that hardware efficiency and
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Fig. 2. (Top) Undirected MGD: Weights are subject to random perturbations
6 sampled from e. Each perturbation 0; affects the cost of the network,
changing it by AC;. V is estimated according to AC - 6; /2 ~ AC/A0;
for each component, and we can see here that the sign of this estimate is not
always in the same direction as what would have been produced if AC; were
known creating a mismatch between estimated gradient V and true gradient
V. We can also observe, that the estimated gradient components that have the
correct sign correspond to the majority of true total gradient magnitude, which
is proportional to the unknown values AC';. This is why undirected MGD still
performs gradient descent, even if inefficiently. Conflicting contributions to
cost are analogized to the disorderly stick-figure efforts depicted alongside the
worked example. (Bottom) MGD-Aligned: Here we observe a straightforward
remedy to the self-cancellation of undirected-MGD. When perturbations are
directed such that a common sign will be produced by all AC; components,
all of their respective impacts on the network are accounted for in the
AC measure, whose magnitude is thus increased. Each parameter is still
updated with correct signage according to Equation 1 and we see all estimated
components align with the true gradient.

TABLE I
GRADIENT CALCULATION METHODS, ESTIMATION
STRENGTH, SCALING, AND HARDWARE VIABILITY.

V Method ggc; o ﬁgc; Scaling HW-friendly
Backprop Perfect O(bp) X
Finite Difference Very Strong  O(Ng - fp) v’
MGD(r = 1) (SPSA)  Weak O(fp) v’
MGD(r = T) Dependent  O(T - fp) v’
MGD(T = Ng) Very Strong  O(Ng - fp) v’
MGD-Aligned Very Strong  O(fp) v’

bp = one backward pass, fp = one forward pass

machine learning performance can be balanced by moderating
To [5]

The performance/efficiency tension is thus as follows (as
listed in Table I): If 79 = Ng , gradient estimations are
very strong, but scaling the network will punish convergence
time. On the other hand, if 70 = 1, gradient estimates are
poor, but there is no punishment for scaling the number
of parameters in a network. In general, we would like to
maximize gradient estimate accuracy and minimize integration
time. A long standing open question of perturbative methods
is whether the performance/efficiency ratio could be improved



by more selective perturbation vectors. To answer this, we first
investigate where misalignment is accumulating according to
random perturbations.

B. Washout

If a parameter is perturbed alone, the change in cost might
be measured as being in a certain direction, but when that same
perturbation is obfuscated by the result of all parameters being
perturbed simultaneously, the change in cost may be measured
as being in the opposite direction. Eqn. 1 approximates a
measurement of the true gradient component igf with the ef-
ficiently measurable value ﬁ—g:. This approximation simplifies
the task of measuring perturbation-to-cost correlations one-by-
one to a single measurement of how all perturbations associate
collectively with a change in global cost. Each i" parameter
is affected by its own perturbation 91», which can be then be
related directly to the total AC. Again referring to Fig. 2
(top), we see that the true parameter-wise contribution to cost
is not always represented in the measured change in global
cost. For example, the dark red weight is subject to a positive
perturbation, and a positive change in global cost is measured.
This drives our Eqn. 1 estimate to assume that making this
parameter bigger is increasing the cost of the network, sug-
gesting a positive gradient and negative update. However, we
see that in reality this parameter is associated with a negative
contribution to the cost, meaning that increasing this parameter
value would further minimize loss. This should ideally result in
a negative gradient estimate and positive update. We therefore
find that undirected MGD, which employs random Bernoulli
perturbations, necessarily suffers from some percentage of
parameters receiving erroneous updates. This is caused by their
contributions to the global cost being canceled (washed out)
by conflicting contributions from other parameters.

This characterization of the perturbation-cost relationship
lends itself to a number of useful insights. First, in undirected
MGD each parameter might receive a good, bad, or neutral
update according to the sign agreement of AC' and AC;. The
neutral case is that of weight diffusion [4], whereby updates
are made to a parameter despite it having no correlation
with the cost. Second, because local correlation is estimated
according to Eqn. 1, and the measured change in cost is
determined by AC = vao AC;, the sign of AC will always
represent the group of parameters that correlate with the
majority impact on cost. Realize that each AC; is determined
by its corresponding 6;. When the sign(AC;) = sign(AC)
then the estimate is in the correct direction. Because per-
parameter perturbations are what drive AC, the group of
parameters with the strongest collective correlation to the
cost will always determine the sign of AC' and receive good
updates. Equivalently, this implies that the angle between the
estimated gradient and the true gradient should always be
acute cos(V, V) < 90° by virtue of the majority of gradient
magnitude being represented by correctly-aligned estimates.
This new insight is empirically supported in [5] and preempts
the basis for deriving perturbation vectors that will maximize

performance by minimizing washout and improving gradient
estimations.

C. MGD Aligned

By inspection of Fig. 2, we can see that whatever the true
gradient for a given component is, a set of perturbations exists
such that a common sign is produced among all components
AC};, thus maximizing perturbative visibility in the cost, and
guiding all component updates in the right direction. Enforcing
this perturbative signal maximization is exactly equivalent to
directing all perturbations into signed-agreement with the true
ternary gradient, such that the correct relationships to their
true gradient directions will be realized across a common
direction for the measured change in cost. The same result is
seen when perturbations are all directed together in the anti-
direction of the ternary gradient, thus flipping AC'. The key
detail is that all perturbations should have the same correlation
with the true gradient. To confirm this intuition, we turn to
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Fig. 3. MGD vs SignSGD for different agreement ratios. SignSGD applies
0 directly as a parameter update, whereas MGD utilizes 6 as a perturbation
vector. On the far left algorithms receive a random Bernoilli vector of te
values for 6. On the far right, § = € - sign(V) such that A = 1. Each
data point is the best performance of a sweep over ten learning rates, as the
effective learning rate may be shifting for different 6 distributions, which is
likely the cause of the imperfect bowing in MGD performance.

empirical measurements. We define an agreement measure A
that computes the ratio of components in a vector A that are
in ternary-signed agreement with those in another vector B

A= Zi]io[sign(A) = sign(B)]
N 7
where N is the total number of components. Fig. 1 compares
three different perturbation vector conditions against back-
propagation, where 0%, 50%, and 100% of perturbation-vector
components are enforced to agree with the true ternary gradi-
ent. When 100% of components are subject to this condition,
A = 1. The effect of A on performance in terms of accuracy
and convergence speed is unambiguous: the higher the A
value, the better the accuracy and the faster the convergence.
For A = 1 MGD performance adheres closely to that of
backpropagation. We define MGD-aligned to be the case
where A(6,V) = 1, in contrast to Undirected MGD whose
Bernoulli perturbations only result in cos(@, V) < 90°.

We find that MGD still performs gradient descent anywhere
on the agreement spectrum from undirected to aligned. This
shows that noisy estimations of the ternary gradient suffice
for performance improvements. While it may be tempting to
apply the ternary gradient directly toward learning, as is the
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case with SignSGD [7], we see in Fig. 3 that this approach is
considerably less robust to noise. It should be stated that the
motivation for SignSGD is to efficiently communicate gradient
information across GPUs, rather than to realize neuromorphic
learning on specialized hardware. The reason MGD is so much
more noise tolerant is that updates are made proportional to
AC, which is itself an empirical measure of how strong the
ternary gradient estimate is correlated with the true gradient
of the network. However, as already seen in Fig. 1, noisy
perturbation vectors still cost in terms of performance and
convergence speed. We are therefore motivated to investigate
neuromorphic means for making strong ternary gradient es-
timates online and enable the scaling advantages outlined in
Table L.

ITI. HEBBIAN MGD: DERIVING TERNARY GRADIENT
FROM LOCAL INFORMATION

To access the performance gains of MGD-aligned, an es-
timate of the ternary gradient is required. Computing the
gradient analytically, ternary or otherwise, is infeasible in dedi-
cated hardware and we therefore propose a gradient-estimation
method that is suitable for in-sifu hardware implementation.

A. Estimation by Local Information

Perturbative methods can be implemented according to neu-
romorphic operations, but suffer with parameter scaling. This
is unfavorable given that the number of learnable parameters
(weights, biases, etc) Ng in a network scales roughly squared
with the number of of neurons in a network Ng oc N2.
However, upon closer inspection of the problem space, as
depicted in Fig. 4, we see that for any given weight parameter
W;; connecting neuron n; with ny, the partial derivative
with respect to the cost function is given by the presynaptic
activation a; and the postsynaptic error term ;. Presynaptic
activation is simply the value computed during a forward pass
by a weight’s upstream neuron and is available locally at the
site of derivation. The postsynaptic delta is the bias gradient
at the downstream neuron 6; = g—g, which can equivalently
be thought of as the gradient at the postsynaptic neuron.

RN 6)) "

oW,

(ai)

Fig. 4. Any given network weight connects exactly two neurons n; — n;.

Its local gradient 6‘?;_ is given by the activation value a; of the upstream
ij

neuron n;, and the delta §; of the downstream neuron n;.

The consequence of this relation is that the gradient need
only be computed for every neuron N, in a network rather
than for every element Ng, where Ngo >> N,,. The reduction
of RNe — RN~ immediately enables improved scaling for
perturbative gradient-estimation methods. This same insight
underpins the node perturbation learning algorithm [1], [4],
[8], [9], where finite difference is used to compute only bias
gradients, which are applied along with presynaptic activations
to perform single-layer backpropagation. Similar to SignSGD,
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Fig. 5. (a) Without Threshold: Perturbations are made for every component.
We see that while the signed direction may be in agreement with the gradient
for each component, the difference in magnitude can widely vary, as seen
in component 1. Thus, the inter-sample per-component variance is high,
which is problematic because perturbation magnitude remains constant. For
roughly equivalent AC' across samples, these parameters will receive the
same size updates in opposite directions. This is possible because intra-sample
component-wise variance can also be high, resulting in magnitudes of AC
that are driven by the strongest components, misrepresenting the influence
weaker ones. (b) With Threshold: We see that by setting some + threshold
value, small components will neither interfere with more significant gradients
across samples, nor be subject to large updates within a sample according to
other components. (¢) Hebbian MGD: We see thresholding is necessary for
the network to learn on a per-sample basis and that it is sufficient to keep
pace with full-precision backpropagation on the CIFAR-10 dataset.

however, node-perturbation is less noise robust than MGD as
it expands on any error in gradient estimation by propagating
it to other elements. MGD-aligned instead weights updates
according to a true measurement of the gradient estimate’s
strength, making it robust to noise as already demonstrated
in Fig. 3, though we still may opt to employ single-layer
backpropagation for the final layer only, where it is an exact,
local computation. For the remaining layers, only the signs
of a; and J;, reducing the resolution of the task from full-

precision to ternary values according to
aC
szgn(T%) = sign(a;) - sign(;). 3)

This approach is attractive for specialized hardware imple-
mentation because activation values are available locally, only
N,, ternary gradient elements need be estimated, and only
a local ternary multiplication is required for each weight in
the network, all of which are desirable qualities for dedicated
circuit operations.

B. Thresholding

The measurement of presynaptic activation a; is accompa-
nied by a caveat not previously addressed in our above imple-
mentation of MGD-Aligned. Presynaptic activations are a per-
sample quantity. Moreover, dedicated in-memory hardware



generally favors sample serialization over batching. Therefore,
we must estimate the ternary gradient on a per-sample basis. A
nontrivial issue arises in this regime whereby batch-averaging
would have to occur over ternarized gradients rather than full-
precision gradients. However, sign(V) # sign(V). This is
because a ternary summation of gradients across components
neglects inter-sample per-component magnitude variance, as
visualized in Fig. 5 (a). Ostensibly, using batch sizes of 1
should circumvent this issue, but in fact the effect pervades
to per-sample updates because MGD and MGD-aligned apply
uniform magnitude updates across all components as deter-
mined by the AC' measured for that gradient estimation. Thus,
a component might be very large in the positive direction
for one sample, and very small in the opposite direction for
another sample, but still be subject to equivalent size updates
for similar values of AC, whose total value may be driven by
other components entirely. The consequence to performance
is shown in Fig. 5 (c).

The solution to this issue proves to be straightforward and
involves only one hardware-friendly operation. By thresh-
olding every presynaptic activation, we can approximately
capture component-wise variance in our gradient estimation,
preserving only the most significant components in each per-
sample estimate. By way of Equation 3, replacing a presy-
naptic activation with zero results in a zero-value estimate
of the ternary gradient. In the MGD-aligned context, this
means no perturbation is made at that component and thus
no update is made. The result is that MGD-aligned is now
robust to multiplicative variance caused by conflicting gradient
signs across samples in addition to its intrinsic robustness to
additive noise . See Fig. 5 (b) for a visualization. In addition
to better tailoring sample-wise gradient estimations to the
larger learning objective, this method has the added benefit of
increasing the signal of the remaining parameter perturbations.
Selecting an appropriate threshold is simply a question of
hyperparameter tuning. For a hyperbolic tangent function, we
empirically find that some value marginally less than 0.5 tends
to be effective, as shown in Fig. 5 (c).

C. Hebbian MGD

In summary, we find that pre-and-postsynaptic information
can be used to estimate the ternary gradient in a way that
relates local activity with global reward signals and circum-
vents the weight transport problem of credit assignment [10]
in network learning. We therefore make the loose analogy
to three-factor Hebbian learning [11], [12], and refer to
this method as Hebbian-MGD, implemented as follows: (1)
Threshold the presynaptic activation according to its absolute
value, and then ternarize it. (2) Attain a ternarized bias gradient
estimation by finite difference or by the novel means presented
later in this work. (3) Compute the estimated sign of network
weights accordingly. (4) Use this signed gradient to define the
perturbation vector on a per-sample basis. (5) Proceed with
MGD-aligned learning. Fig. 5 (c) demonstrates the efficacy
of this method in terms of machine learning performance
with respect to the backpropagation gold standard, but un-

like backpropagation, Hebbian MGD is a viable choice for
neuromorphic hardware.

Having shown that MGD-Aligned performance is applicable
to the entirely neuromorphic means of Hebbian MGD, we now
turn our attention to further reductions in the problem space
of bias gradient estimations.

IV. DELTAVECS: SPATIO-TEMPORAL STABILITY IN
CLASS-WISE GRADIENTS

We now present DeltaVecs, a new approach for representing
bias gradients according to intrinsic gradient features, allowing
for a reduction of the gradient estimation problem space by 105
elements for a network of about a million parameters, and by
larger factors for growing network size. These findings directly
support the neuromorphic algorithm stack being presented
in this paper, but may also apply to advantages in gradient
computation for machine learning at large.

The total number of gradient component computations in-
volved with training a neural network is given by

O(N@ X Nsamples X Nepochs)a

where Ng is the total number of learnable network parameters,
Nepochs 18 the number of epochs required to train the network,
Nsampies 18 the number of training samples in the target
dataset, and O(-) gives the total number of gradient computa-
tions required to learn the data. We quickly see these numbers
are impractically large. Even the minimal MNIST dataset has
60,000 samples and might train over ten to a hundred epochs
depending on learning rate. For a small network with only
two hidden layers of 128 neurons each, trained on MNIST for
only ten epochs, there are 70,969,200,000 gradient component
calculations to perform. Hebbian MGD already reduces this
space by a factor of IV,,/Ng because weight derivatives can be
attained implicitly from bias gradients. However, the Ngmpies
and Ne¢pocns factors remain a nontrivial expense.

Sample-Wise Temporal Structure in Bias Gradients
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Fig. 6. Ternary agreement (solid lines) and full-precision cosine similarities

(dashed lines) are measured for bias gradients from one epoch to the next
during a convergent training procedure on MNIST.

Fortunately, perturbative methods are robust to noisy condi-
tions, as already demonstrated in Sec. II. Rather than compute
the gradient for every component, sample, and epoch, why
not learn suitable intermediate representations? If gradients
have learnable features, perhaps there can be shortcuts to
calculating them analytically. There is precedence for feature
analysis of neural network gradients themselves [13]-[17], but
because noisy gradients are not generally satisfactory, as we
have already seen with SignSGD, these sorts of efforts have



not yet been effectively directed toward gradient computation
shortcuts. With respect to MGD-requirements, we assess gra-
dient representation quality in time and space by utilization
of our agreement measure defined in Equation 2 for ternary
vectors, and cosine similarity for full-precision.

A. Sample-Wise Temporal Stability

The first finding we present is that the gradient vector for
any given sample does not change drastically over time for
a well-conditioned dataset. This is true both of the ternary
and full-precision gradients, as seen in Fig. 6. While this does
allude to the convexity of the loss landscape with respect to
that sample, this measure is not descriptive of the gradient
with respect to the entire dataset. Given this finding, we
may already implement another compression to the gradient
estimation problem by a factor of Ny, /Nepoch, Where Ny
is the number of times the representation of a bias gradient
might need to be updated, and N7; < N¢pocn. The assumption
is that these vectors might be sufficiently stable over time such
that they need not be computed every epoch.

B. Class-Wise Stability

We see in the left quadrants of Fig. 7 that there is no
apparent ternary or full-precision similarity across samples in
a batch. However, a surprising richness of features becomes
salient when these same bias-gradient vectors are organized
according to class. Class-common features are cleanly dis-
tinguishable even by visual inspection. We can also see the
strongest gradient components in the full precision plot (dark
purple and bright yellow), tend to align most with these class-
wise representations, and should therefore be well-captured in
approximations. This offers a massive potential for gradient
representation reduction by a factor of Nygsses/Nsamples-
This finding, along with work such as [14]-[16], suggests that
gradient dynamics are largely driven by the structure of the
objective function, which requires the minimization of error to
one-hot-encoded class labels. While nuanced input data fea-
tures related to fundamental differences in class are essential
for learning [18], these are quickly mapped to more stable
gradient targets (formed by gradient directions that maximize
class-wise alignment [14]) to guide separable representations
of class. This sentiment may also relate to feedback alignment
literature [19], which finds that even arbitrary mappings of cost
to gradient estimations can produce network learning, as well
as recent work on learned feedback mappings [20].

C. Class-Wise Temporal Stability

Finally, we find that the aforementioned temporal stability
of bias gradients applies directly to class-wise representations,
measuring A = 0.92 between first and last epoch of a
convergent network trained on MNIST. Together with the
previous structure-enable gradient compressions, we arrive at
the final reduction

O(N@ X Nsamples X Nepochs) — O(Nn X Nclasses X NT5)7
4)
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Fig. 7. (Top Left) Unsorted ternary bias gradients for a batch of training
examples. Rows correspond to a sample, columns to a gradient component.
(Bottom left) Unsorted full-precision bias gradients. (Top Right) Class-sorted
ternary bias gradients. Strong per-class structure is now salient. (Bottom Right)
Class-sorted full-precision bias gradients. Class-wise structure is also salient
in the magnitude of components, implying strong gradient correlation across
samples for a given class.

which for our sample MNIST network is
Ny = 70, 969,200,000 — Ny, = 319,200

corresponding to 222, 335% fewer gradient component calcu-
lations Ny .

D. DeltaVecs

We therefore introduce DeltaVecs, temporally robust class-
wise representations of post-synaptic deltas (bias gradients) as
an asset to efficient gradient computation methods. Equipped
with massive savings in gradient estimation by way of
DeltaVecs and Hebbian MGD, we next propose a way to learn,
store, and produce DeltaVecs by neuromorphic means.

V. ASTROCYTES: INTELLIGENT
PERTURBATION-GENERATING SUBNETWORKS

We present two findings, (1) that subnetworks offer a viable
method for learning, storing, and estimating DeltaVecs by
simple means, and (2) that this configuration maps well onto
known and proposed astrocytic operations in the brain. These
two findings complete an end-to-end stack that can guide
perturbative learning to be orders of magnitude more efficient
in a fully neuromorphic way.

Astrocytes are known to modulate synaptic excitability as
a function of network activity and may participate in learning
mechanics such as three-factor learning [21]-[24]. Moreover, a
single astrocyte may connect with thousands, or even millions,
of synapses [25], [26]. Similarly, the learning approaches
described thus far in this work aim to drive perturbations
as a function of network activity and class context in order
to incite Hebbian-like three-factor learning. While there are
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Fig. 8. Astrocytic Model for Driving Perturbations: A mock-up for
potential astrocytic relationship with perturbative learning. An astrocyte may
connect to multiple synapses and be responsible for modulating their synaptic
excitability (perturbing their weights). They furthermore may be involved
with perturbing in favorable directions according to locally available pre-and-
postsynaptic information, and even DeltaVec-like gradient information.

myriad parallels to draw, we outline here only one of many

such possible astromorphic computing paradigms.

Fig. 8 depicts a proposed model whereby an astrocyte
is responsible for parameter perturbations, driven according
to local activation and estimated deltas. In a multi-astrocyte
scheme, each astrocyte might be responsible for its own class.
Indeed, astrocytes have been shown to have context-awareness
even when unsupervised [27], [28] and respond to the dynam-
ical nature of stimulus [21]. The subset of synapses to which
a class-specific astrocyte is connect could be related to the
same subset of nonzero values produced by our aformentioned
thresholding mechanism. A fact that supports this suggestion is
that astrocytes have been shown to make local adjustments to
their synaptic groups, moving a connection from one synapse
to another as needed. In a supervised setting, neuromodulation
might aid with class awareness, as well as gradient estimation.

A more sophisticated vision for astromorphic computation
is where the onus of learning to estimate DeltaVecs is also
an astrocytic responsibility. Due to the strong class-wise
correlations of DeltaVecs, this should not prove inconceivable.
The task can be as simple as each astrocyte sampling its corre-
sponding class-DeltaVec every 75 iterations, and storing them
in its subnetwork weights, which perform the linear mapping
Ay — 5. These DeltaVecs could be sparsely generated only
every 7s samples by perturbative learning. Another version of
this implementation could be that the astrocytes participate in
online representation forming of DeltaVecs, with only sparse
training examples as determined by 75. This hypothesis is
tested and it is found that subnetworks are able to learn
DeltaVecs and estimate them online, achieving A > 90%
across all layers. Finally, astrocytes could potentially perform
a second order optimization by learning to estimate gradient
dynamics. While all of these possibilities are compelling, we
show in the next section that the simplest proposed implemen-
tation (periodic DeltaVec-sampling) is able to realize superior
neuromorphic performance.

BP vs 5-MGD Accross Datasets for 1024x1024x10 Network
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Fig. 9. We find that 5-MGD converges to backpropagation performance on
all three datasets, with smooth and stable learning. While backpropagation
reaches similar performance more quickly, it is requiring thousands of times
more gradient component computations, which would not be implementable in
neuromorphic hardware. -MGD uses only sparse hardware-friendly gradient
estimation methods for the same performance.

VI. -MGD: A NEUROMORPHIC LEARNING ALGORITHM

Finally, we arrive at a fully neuromorphic algorithm, and
we find it reliably performs within 1% of backpropagation
with > 105 reduction factors in Ny gradient component
computations using only simple hardware-plausible operations
across a number of architectures. We call this method 4-
MGD, formally described in Alg. 1. In addition to in-

Algorithm 1 The 5-MGD Algorithm
1: Initialize network parameters ©
2: for i in Nggmpies - Nepochs iterations do
3: Input new training example z,y

4 if ¢ mod 75 = O then

5 for class in NEMSSGS do

6: Compute §

7 Update representation of gclass

8 end for

9: end if

10: Compute forward pass

11: Store activations a locally, and cost Cjy globally
12: Estimate gradient: @z —a;- gz

13: Define according to V; and store locally

14: Perturb all network parameters © according to 0
15: Perform forward pass

16: Measure change in global cost: AC' = C' — Cy

17: Update parameters: ©; <— nAC - 0, - vCy
18: end for

corporating DeltaVecs, there are few changes to previous
MGD variants. Firstly, full precision gradient estimates are
permitted as perturbation vectors because they are likely to
estimate the sign correctly, thereby adding better-than-random
(or uniform) magnitude information and offering an alternative
to thresholding for the treatment of component-wise variance.
This also implies that when a new DeltaVec is sampled, the
update for that sample will be equivalent to backpropagation.
Second, the final update is weighted by the cost Cj, according
to coefficient and hyperparameter ~, to better represent inter-
sample variance in gradient magnitude. The added complexity
of these additions is negligible, but if hardware constraints
become an issue, activation-thresholded ternary gradient es-



timations work nearly as well to drive perturbations. The
performance of 5-MGD is the best of any in the MGD family
of algorithms, is entirely neuromorphic, and closely adheres
to backpropagation, as seen in Fig. 9 and enumerated in terms
of performance and savings in Sec. VIL

VII. RESULTS

See Table II for an overview of performance results. We
find 5-MGD is poised to cope with millions of parameters
effectively with orders of magnitude computational savings. It
is worth noting that these savings may be even more dramatic
depending on the hardware-specific expense of forward versus
backward passes. Efficiencies outlined by our Ny calculations
could be considerably compounded by the speed and energy
efficiencies of dedicated hardware. While listed savings are ex-
actly true with respect to the factor fewer gradient component
calculations required by 5-MGD, a complete comparison of
total speed, efficiency, and performance, whether with respect
to backpropagation or neuromorphic means, can only be fully
understood on a per-hardware basis and as a function of im-
plementation optimization. We expect 5-MGD to benefit from
competitive hardware implementations. Furthermore, these

. TABLE II
5-MGD vs BACKPROPAGATION, PERFORMANCE AND EFFICIENCY
Network Dataset | BP 5-MGD | % BP X Savings
Dense Net MNIST | 97.9% | 97.2% 99.3% | 2-10°
128x128 Fashion | 87.9% 87.2% 99.2% 2.10%
Ne=411146  ["opaR | 519% | 512% | 987% | 8-10°
Dense Net MNIST | 98.6% | 98.2% 99.6% | 5-10%
1024x1024 Fashion | 88.0% | 88.8% 100.9% | 5-10°
Ne=855050 ["CrpaR | 552% | 548% | 98.0% | 1-108
CNN MNIST | 99.4% | 99.2%* | 99.8% | -
6C+4D . Fashion | 92.3% | 90.3%* | 97.8% | -
Ne ~ 10 CIFAR | 740% | 709%* | 95.8% | -

Transformer | Shake- val loss | val loss
NanoGPT speare | 3.0 3.b 95.0% | -
No ~ 108

2For implementation simplicity, Hebbian MGD used here.
PReduced training set size, only projection matrices trained w/ 5-MGD,
remainder w/ backpropagation.

mechanisms map to more sophisticated network architectures
such as CNNs and transformers. For CNNs, DeltaVecs are
computed in the convolutional layers for kernel weights rather
than biases because they are less numerous, and then applied
toward Hebbian MGD. Transformer results are with respect to
5-MGD training projection matrices in NanoGPT [29] on the
Shakespeare next token prediction task [30]. The remainder of
parameters are trained with backpropagation. We find that all
but the the K-cache parameters have stable DeltaVecs, but that
per-sample implementation is sufficiently complex to save for
future work, though these results encourage the potential for
energy savings in large language models.

VIII. METHODS

All simulations are implemented on GPUs using the
JAX Python package [31]. A functional repository

and code to produce all plots can be found at:
https://github.com/ryangitsit/delta-mgd. Anytime two
algorithms are compared, the best of their performances
over a relevant hyperparameter sweep are presented. Adam
optimizer and decay are used for final results only.

IX. DISCUSSION: GRADIENT DYNAMICS, ASTROCYTIC
LEARNING, AND HARDWARE IMPLEMENTATIONS

We began this work with the empirical finding that a
perturbation is improved by increasing sign-agreement with
the true ternary gradient, thereby founding MGD-aligned. We
then determined a hardware plausible method for computing
the ternary gradient with locally available information using
Hebbian-MGD. Next, by introducing DeltaVec class-wise
representations of postsynaptic bias gradients, we show the
problem space of ascertaining the postsynaptic information
required by Hebbian MGD is reduced by several orders
of magnitude, and we then show this is a task well-suited
for astrocyte-like subnetworks. Finally, we observe that this
stack of hardware-viable neuro-inspired mechanisms achieves
backpropagation-like performance at a minuscule fraction of
required gradient-component calculations for dense networks,
CNNs, and transformers. These findings realize a number
of implications across neuroscience, physical hardware, and
machine learning.

Neuroscience: Astrocytes and perturbative methods may
be strongly related in terms of their phenomenology and
computational role in learning. Future work ought to focus
on more tightly coupling known biological dynamics with
perturbative methods.

Hardware: Global broadcast (reward signal), local
perturbations, local memory, minimal finite difference,
Hebbian-like mechanisms, and subnetworks are all plausible
in neuromorphic hardware. Mapping this suite of operations
should be investigated in known neuromorphic hardware
[32]-[36], as well as explored in emerging systems that could
opt to tailor physical structures to this modest recipe of
operations.

Machine learning: Gradient dynamics are well-studied,
but applying DeltaVecs toward short-cutting gradient
computations is a novel finding. Our preliminary results
on CNNs and transformers ought to be extended to pure
5-MGD implementations and on larger scales. Second-order
optimization methods, by which gradient dynamics are
learned early in training and utilized thereafter for continued
network training, also present an area offering of potentially
massive computational savings. The viability of learning
gradient dynamics is supported by Fig. 6, which suggests
smooth bias gradient Hessians.

In conclusion, we have presented a complete neuromor-
phic algorithm that is neuro-inspired, hardware-plausible, and
machine learning performant. This work offers a number of
further investigations to pursue, many of which may interest
a diversity of academic and industry communities.
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