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Overview



Overview: News

Recent news: Our paper has been accepted at ECML PKDD 2026.

SpikF-GO: Spiking Fourier Graph Operators for Multivariate Time Series Forecasting
Jafar Bakhshaliyev, Niels Landwehr

General research focus:
Time series forecasting
Image classification/segmentation
Positional encodings
Graph neural networks (with less focus)

| am happy to extend this direction further in the future.
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Overview: Why Is Backpropagation a Problem?

Backprop solves credit assignment

AWl =-"n 5lh;r_1

o = (WLT+15Z+1) O f'(ar)

It computes how each synapse should change to reduce
the final error.

But strict backprop needs

forward activity 4+ backward error variables
layer L — layer L — 1 — --- — layer 1

So learning depends on a separate backward error
pathway.

J. Bakhshaliyev

Biological / implementation issues
1. Weight transport
.
Wl+1

Feedback weights must match forward weights.
2. Signed error signals
0

Precise positive/negative error vectors must be sent
through layers.

3. Feedback changes activity In the brain, feedback
usually modulates neural activity, not only hidden error
variables.

Local-learning direction
WL—Erl&H-l — local trace x approx. learning signal
Key message: We do not abandon credit assignment; we

approximate it with biologically and hardware-plausible
local signals.
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Overview: Literature

1;017—2019 2016—-2020 2020

Online Learning Local Learning -

for RNNs ’ NEGETS Ezp:(:z
~6 papers ~3 papers L

2021-2023
Online
Spatio-Temporal
Learning
~ 4 papers

2024-2025
202 5m STDP-Inspired
Learning
~2 papers

Continuation
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Online Learning for RNNs



Recurrent Neural Networks [1]

Recurrent state update
a® = F, (aufl),x(t))
Output/readout
y® = Fv?,‘jf <a(t)>
Instantaneous loss
L® — L(y<t>7y*<t))

L= 10
t

Total objective

Easy / natural online:
aL®)

ow,

only needs information at time ¢.

J. Bakhshaliyev

Model maps

Fy :R™ 5 R"
Fut i R™ — RMout

weRP, w, eRrf

Heart of the problem:
oL
ow

because recurrent weights affect future states and losses.
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Past-Facing vs. Future-Facing Learning [1]

OL®) OL®) OL L)
Past-facing: d(,) = 0 Future-facing: (7”) = g ‘ 3

ow(®') ow — Owt
<t >t

t
,(t=2) L1 L® LG+ @+2)
A
A T
at=2) alt-D)

F. (t—2) F. (t—1) Fw(t) Fw(t+1) Fw(t+2)

w w

Past-facing: current loss receives influence from past weight applications.
Future-facing: current weight application influences future losses.
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Real-Time Recurrent Learning (RTRL) [1]

Global recurrent objective

oL | Dimensions__________|
=22 pum 0

a® e R"
If ¢ is real time: past-facing gradlent w € RP
oL® aL® (t) nxP
Vwl(t) = = 2 MY e R
) = Z ow(s) ow Gl
J(t) c R*X™
Influence matrix ) n
w _ 0al ¢ eR
M) = Dy (©)
RTRL influence update
+ .
M® — 8al®) _ yOpMeD 4 v @ Gradient from current loss
) —_— —~— aL®  aL® 9a®
past influence immediate influence 5 = 92l & = M (5)
w H,—JM\V,V—J
st wm(®)

RTRL: exact online gradient, but expensive.

Memory: O(n*)—M®  Computation: O(n*)—IOM®
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RTRL Approximations [1]

Continuous-time vanilla RNN
a® = (1 - a)a"" +ap(waV),

W c RTLX'HL, ¢ . R?L —

Influence tensor ()
t
o) _ 94y
It measures how the k-th hidden unit changes when
perturbing the connection from input/source j to unit 4.

Immediate influence
) _ da)” 1Y A1)
M = i = aduid’ (B )
ij

Only nonzero when k = i: W;; directly affects unit 4.

a1 — concat (a(t71)7x(t), 1)

R"™, a € (0,1]

Compressing M,

AMBY  uoro

tJ
AP B KF-RTRL
AWB{) Reverse KF-RTRL

MO ~ i s
i) AL BY KeRNL/RFLO
AP B Unexplored
A7) B Unexplored

Goal: replace the expensive RTRL tensor with
lower-order factors.
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UORO: Unbiased Online Recurrent Optimization [1]

Approximation: sensitivity x efficacy
M ~ A BY
ij 1

- — p— _ —(t
05y = (WA ) (100l 4t S @
k! k!
t t t— t—1 a7t t
= E[AVBY] =S s E[alV BTV + M, = M) )
k!

Properties:
A® cRr,  BWeR™™ & Memory O(n?)

STUWALTY = Time O(n?)
k/

Stochastic due to random vector v and closed-form update.
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KF-RTRL: Kronecker-Factored Approximation [1]

More natural factorization
M(t) ~ A(t)B(t)
kij i Pri

M), = adpie’ (h)al' ™" = Dl
Update equations
A;t) = Vol)(JAgt_1> + V1P1&§t_l) (8)
BY =vopy "> I, BETY v py taskig! (R 9)
k/

Properties:
AW er™  BW grmx" = Memory O(n?)

ST BGTY = Timeo(n?)
k!

Stochastic due to random variables v, v1, but closed-form update.
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KeRNL: Eligibility Traces and Sensitivity [1]
Approximation
M) ~ A BY
(10)

Eligibility trace
B(t) =(1-a; )B(t 1) +ad (h(t)) (t—1)

Sensitivity matrix
aa(t)
—E R A1 e an
6a§
Api(1 — ;) Z I, Ay (12)
Fort =t":
A~ Oki (13)
T = )T S I A
(14)

t t t—1 t t—1 t
AR B ~ 30D A BETY +adkie’ (h{)al T = M)
k/

Ay; and «; are learned by gradient descent. The B(*) update is closed-form, while KeRNL is deterministic and numerical
14773

due to SGD.
Local Learning Rules for SNNs
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Summary of Past-Facing Algorithms [1]

Algorithm  Facing  Tensor Update Memory Time
RTRL Past Myij Deterministic, closed-form  O(n?) O(n)
UORO Past Ay B Stochastic, closed-form O(n?) O(n?)
KF-RTRL Past A;By; Stochastic, closed-form O(n?) O(n®)
R-KF-RTRL  Past A;By; Stochastic, closed-form O(n?) O(n?)
r-OK Past S7_, AijBik;  Stochastic, numerical O(rn?) O(rn®)
KeRNL Past Apy; Bij Deterministic, numerical O(n?) O(n?)
RFLO Past 81 Bij Deterministic, closed-form  O(n?) O(n?)

J. Bakhshaliyev
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Future-Facing View [1]

If s is real time: future-facing gradient

> oL oL
Vwi = = 15
(®) ; W~ aw( (13)
Credit assignment vector
oL aL®
(t) _ _ (t+1) y(t+1)
= %a® ~ gam ¢ 7 (16)
N——
<(t)
(t) .
oL oL Oa :c(t)M(t) a7

aw®  9a® ow®

Trade-off: Past-facing can truly run online because it follows the forward-time direction. Memory requirements favor
future-facing, because L is scalar while w is high-dimensional.

Efficient PF: compress M (") Efficient FF: predict ¢ (1)

J. Bakhshaliyev Local Learning Rules for SNNs 16/73



Future Facing Algorithms [1]

a b c
t] . t] o o o o et e e e e e e e e
L@ 5 - B I -
. * . . E-BPTT
w®) s wis) s w®) s
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DNI: Decoupled Neural Interfaces [1]

Linear prediction of credit assignment

cEt) ~ Z &;t)Al,i, al = concat( (t),y*(t), 1)
1
2
L =< ZaE”A” — M (18)
[
But this begs the question: how do we get ¢(*) without future information?
c® —c® + (1) 3(t+1) (19)

AAy; o —a! [Z alp Ay — <c§“ +3°3"al A, ,,Jﬁ,fj”ﬂ (20)
m l/

DNI: future-facing, deterministic, numerical update.
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Summary of Future-Facing Algorithms [1]

Algorithm  Facing Tensor Update Memory Time
E-BPTT - - Deterministic, closed-form  O(nT) O(n?)
F-BPTT Future - Deterministic, closed-form  O(nT) O(n?T)
DNI Future Ay Deterministic, numerical O(n?) O(n?)

J. Bakhshaliyev

Local Learning Rules for SNNs
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Local Learning Signals



Local Learning Signals [2]

Goal in this part: We do not focus on fully training SNNs or RNNs here. Instead, we study local learning signals that can be
used when a prediction module needs credit assignment.

Backpropagation gives strong gradients, but introduces two non-local constraints:

T
5yk = Wk+162k+1

Weight symmetry / transport: the backward pathway needs access to forward weights.
Update locking: layers must wait until the forward and backward passes are completed.

This requires storing activations and moving gradient information backward.

Local-learning direction: replace exact backward transport with simpler learning signals:

T T T
Wit10zZky1 —> Bpe or Bky*

Key idea: fixed random feedback or target projections can provide useful layerwise teaching signals, without exact weight
symmetry.
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Local Learning Signals [2]

A BP D DRTP
Layer equations C) (J)‘_
W= Wryra + by * * y tarde
3 : :
Vi = fi(zr) T l W T
, 3 §
07k = Oy fi(zk) B;
reeee »2 o
W, T l W Ws T .
o B;
i i P
v v

xX0®O®Q » xX0®0®9 y x0000e Yy x@000e y*

oJ T
Ly Fro Wh+10zk+1 B 0zpa Bie By
‘Weight-transport-free X v v v
Update-unlocked X X X N

J. Bakhshaliyev Local Learning Rules for SNNs
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Local Learning Signals [2]

Backpropagation is powerful, but not local:
Requires symmetric forward/backward weights
Requires backward error propagation

Layers are update-locked until the backward pass

Feedback alighment relaxes weight symmetry:

T T
Wii10zk41 — Bje

DRTP goes further:
Ble — Biy"

Key message: Useful local teaching signals can be generated without exact feedback weights and without waiting for full
backpropagation.

J. Bakhshaliyev Local Learning Rules for SNNs 23/73



E-prop



E-prop: The Learning Dilemma (3]

Target setting: recurrent spiking neural networks (RSNNs)
A synapse Wj; at time t can influence:
future spikes, future hidden states, and future losses.

Standard solution: BPTT
t=1,2,...,T

unroll the RSNN through time, then propagate gradients backward through the unrolled graph.
Why this is problematic

‘ store all intermediate states ‘ ‘ backward-in-time gradient propagation ‘

So the paper formulates the learning dilemma:

’ BPTT works well, but it is not brain-like or hardware-friendly. ‘

E-prop idea: instead of sending gradients backward through time, each synapse keeps a forward-in-time eligibility trace,
and a top-down learning signal gates the update.
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E-prop: Eligibility Trace + Learning Signal [3]

Central decomposition
B St
dw;; —

dE dzt
Lt = —, et = Z

J dzt B dWj;
J local

Interpretation

weight update = learning signal x eligibility trace

AW;i x — Lte!

Jjjit
R t Lo +
Eligibility trace e}, Learning signal L
local memory at the synapse but exact future credit is not available online
depends on presynaptic activity, postsynaptic state, Supervised approximation
membrane/adaptation variables, spike history Lj _ Z Bk (yl — y;.z)
k

Thus, e-prop uses local synaptic memory + approximate top-down feedback.
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E-prop: Online Algorithm and Complexity [3]

Forward dynamics
R =M 2T et W), 2= f(hY)

J J

Y = Z Witz B =ty et

Eligibility vector recursion
. on, -1 on;

Ji = ahf—l €ji W,

9zt
t_ J ot ot t
€ji = gpt S S V5 €
J
Online update
t t t
ijiz_nl‘a ji = AWii:_"ZLJ €ji
t

For a simple LIF neuron, this becomes the three-factor rule
t _ Ft t
AW, = —n L; P Z;
~— ~ ~
top-down learning signal postsynaptic sensitivity Presynaptic trace

E-prop memory: O(S) =~ O(n?),  E-prop per-step time: O(S) ~ O(n?)
27173

Kev advantage: e-proo is online; memorv does not grow with seauence length T'
Local Learning Rules for SNNs
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Deep Continuous Local Learning (DECOLLE) [4]

Spiking Rate-coded
Network Layer Loss
— ——

Layer 3

©
>-\,/\/«\
time
Layer 2
time
Layer 1
. M
Time 100 200 300 400 500

Time Step n [au]
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Online Spatio-Temporal Learning



OSTL: Online Spatio-Temporal Learning [5]

Forward dynamics

si =Wyl + Hiy ' +ds; o (1 —y Y

oyl .

yi = O(s; + by), ol = Ti ~ diag(¢;)
St

Full BPTT gradient

E=> FE'(yp.9"), 6 €{Wi, H, b}
t

EzzlEt ot 45k, Oui
do, — oyL | *do, ' o9,

dst . . . )
-7 it contains all temporal and spatial paths from 6; to the final-layer state.
L

The difficult object is
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OSTL: Online Spatio-Temporal Learning [5]

Same-layer temporal sensitivity

P dsi
t do,
dsj > li[ dsy |:83f 2 ay;*}
- r—1 T—1
do, =\ S dsy 00, dy] 00,

Forward recursion

O dsi SO ds] dsy oy~ !
! dst=t ! 96, ayi~' 96

Output eligibility

t
t,0 t t,0 9y,
[H L \Illel l + 870,

ei;ﬁl tells how 0, affected the current output y! through the past dynamics of layer .
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OSTL: Online Spatio-Temporal Learning [5]

Spatial learning signal

. OE!
L), = ot
Yk

t t t
Ly =L ¥ Wi

temporal credit — e;"sl, spatial credit — L}
OSTL gradient
D ST LD DU
Residual R .
D, = 2597’ m> 1

+1

0=yl = sy —s iy o> E°

R = mixed spatial-temporal credit across layers
For a single recurrent layer, there are no upper-layer recurrent states, so R = 0.
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ETLP: Event-Based Three-Factor Local Plasticity [6]

Main idea: ETLP combines an e-prop-like temporal trace with a DRTP-like target projection, but adapts both to spiking,
event-driven learning.

Temporal side

Uses local spike traces instead of backpropagation through time.

For ALIF neurons, the trace also includes threshold adaptation.

The local synapse keeps: presynaptic activity, postsynaptic voltage sensitivity, and adaptation state.
Spatial side

No hidden-layer error backpropagation.

Labels are represented as teaching neurons.

Fixed random projections send teaching spikes directly to hidden neurons.

ETLP = spike trace -+ postsynaptic surrogate factor + projected-label teaching signal

Difference from DRTP: DRTP projects targets in non-spiking ANNs; ETLP turns this idea into event-triggered plasticity for
SNNs, with ALIF traces and teaching spikes.
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ETLP: Event-Based Three-Factor Local Plasticity [6]

Input Hidden QOutput
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OSTTP: Online Spatio-Temporal Learning with Target Projection [7]

Main idea
OSTTP = OSTL eligibility traces + DRTP target projection

OSTTP keeps the temporal eligibility trace from OSTL:
t,0;

e
1
but replaces the spatial backpropagation signal with a projected target:
Lxlt _ BLZ]L*

So the update becomes:
wy 1,60
A 2> (Biy" ) e
t

What changes compared to OSTL?

spatial backprop signal —  fixed random target projection

Key message: OSTTP removes backward-through-time and backward-through-layer learning signals, while preserving
temporal credit through OSTL-style eligibility traces.
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OSTTP: Online Spatio-Temporal Learning with Target Projection [7]

b OSTL rnd
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OSTTP: Algorithm Comparison [7]

Algorithm  No symmetric No update-locking  No update-locking

weights in time in space
BPTT X X X
FA V4 - X
DFA V4 - X
DRTP 4 - Vv
e-prop v Vv X
OSTL X v X
OSTL rnd v Vv X
DECOLLE 4 4 Vv
ETLP Vv Vv 4
OSTTP Vv IV Vv

OSTTP combines temporal online learning with target-projection-based spatial locality.
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OTTT: Online Training Through Time



OTTT: From BPTT with SG to Online Temporal Learning [8]

LIF neuron
wilt + 1] = A (wilt] — Vinss[t]) + D wijs;[t] + b
J

sit+ 1] = H (ui[t + 1] — Vi)

BPTT with surrogate gradients

i OL E)sl+1[t] 8ul+1[t] +Z
an 651+1 6uz+1[t] oW,

t=1 Tt

The non-differentiable spike function is handled by a surrogate derivative:

Os . -
™ = rectangular or sigmoid-like surrogate
u

Why BPTT is expensive

store all time-step states =  backward through time

Memorygprr = O(T'Ln)
Goal of OTTT: keep strong supervised training, but remove backpropagation through time.

J. Bakhshaliyev Local Learning Rules for SNNs
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OTTT: Decoupling Temporal Dependency (8]

Key OTTT idea
In the temporal dependency path, do not use surrogate derivatives:

8ul+1[i + 1] 6Sl+1[i] -
Osia[i]  Ouigal[d]

because the derivative of the Heaviside spike function is zero almost everywhere.
Then the temporal dependency reduces to only the leak path:
ouj41 [t + 1] _

: A
Ougy1i]

So the past contribution can be summarized by a tracked presynaptic activity:

aft] = > AT Ts[r]

T<t

with online update:
d],[t+ 1} = )\dl[t] =+ Sl[tJr 1]

Instantaneous loss

Lt = %L(SN[t],y), L=>3" Ll

This makes gradients computable indenendentlv at each time steo. without backward-through-time.

J. Bakhshaliyev Local Learning Rules for SNNs
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OTTT: Online Gradient and Three-Factor Form [8]

Instantaneous OTTT gradient
Vw, L[t] = guy, [Haa[t]”

where OL[t] Osi41[t]\ 7T
= (oL Osinalil
Juiiq [t] = (681+1[t] 6uz+1[t]>

Interpretation
postsynaptic error/sensitivity x presynaptic trace

At neuron/synapse level:
Vw,; LIt] = aalt] f(uy [¢]) 65 [¢] )

So OTTT has a three-factor Hebbian form:

’ presynaptic trace x postsynaptic factor x learning signal ‘

Important

’ OTTT is online in time, but it still uses instantaneous spatial backpropagation. ‘
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BPTT vs. OTTT [8]

A A 4 A A A

e e A
G @ ENES

BO6 GoE Boe oo
(a) BPTT”ll"ml:orward (b) OTTI;H:orwa.rd © BPTTT HB:ckward () OTTTTl:chward

J. Bakhshaliyev

Local Learning Rules for SNNs
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OTTT: Algorithm [8]

Algorithm 1 One iteration of OTTT training for a feedforward network

Require: Network parameters { W }, {b; }; input x; label y; time steps T'

1: fort =1,2,...,Tdo

2: fori =1,2,..., Ndo

3: Update membrane potentials ! [t] and spikes st [t]
4. Update tracked presynaptic activity

end for
if not online update then

Update parameters with accumulated gradients
end if

g: end for
. forl =N,N—1,...,1do
. N 1
7 Compute instantaneous backpropagated error g, [t]
8: Compute instantaneous gradient
Vw, o Ll =ghm@ e

9: if online update then
10: Update weights immediately (OTTTH)
1 1: else
1 . Accumulate gradients (OTTT 4)
13: end if
14: end for
12
1
17
18:
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OTTT, vs. OTTT, and Why No BatchNorm [8]

Two variants

T
OTTTA: VwL =Y VwlL[t]
t=1

OTTTo : W + W —nVwL[t] ateachtime step

Variant  Update behavior
OTTTA accumulate gradients, update once after sequence
OTTTo update immediately at every time step

Why no temporal BatchNorm?
Temporal BatchNorm needs statistics across all time steps, so it breaks the online property.

Instead, the paper uses:

scaled Weight Standardization (sWS)

Wij — bw, .
Wij=7v—""""F7—

UWi,,\/N

sWS stabilizes training without needing future time-step statistics.

J. Bakhshaliyev Local Learning Rules for SNNs 44773



STDP-Inspired Local Learning



Spike-Timing Dependent Plasticity (STDP) [9]

SNN forward model
wi[t] = v (uift — 1] — vyt — 1]) + wijz;[t]

yilt] = © (uilt] — vin)

Interpretation
o5 [t] = wilt] = yilt]

The membrane integrates current input and leaky past
state; if threshold is crossed, the neuron spikes and
resets.

STDP timing function

(L, t5) = —

t;—ts
OépreAprle ]7 t; > t;
O‘POSt)‘pést » b <ty

Causal term

tj — t; pre before post
Non-causal term

t; — t; post before pre

apost < 0 = favor causality apost > 0 = favor synchrony

J. Bakhshaliyev Local Learning Rules for SNNs
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S-TLLR: From STDP to a Local Eligibility Trace [9]

STDP written online BPTT recap
- oL dy[t] oult]
Awg;[t] = apeyilt Z e [t 1+ arpostar; 1] Z Aost ilt'] @ =2 5y ult] 0w
t’'=0 t’'=0

Generic three-factor rule
wij[t + 1] = wy;[t] + Awi;[t] eijlt] = Beiz[t — 1] + f(y:i[thg(z;(t])

A'w,-j = Z 61 [t] €¢j [t]

Aw;j[t] = apreyi[t] tr(w;)[t] + opost; [t] (tr(ya) [t] — ya[t])
S-TLLR keeps the three-factor form, but replaces the
eligibility trace.
STDP is temporal-local and uses both causal and non-causal
timing.
S-TLLR technical eligibility trace

€ij [t] - apreq’ uL ) Z )‘pre wJ [t ] + O‘POSth Z )‘post lI] ul t ])
t/=0 t/'=0
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S-TLLR: Learning Signal and Update [9]

Learning signal Learning-signal choices
oLy [t],y*
50 (y (l[)] y )’ t>T BP through layers
i - dy; ' [t] or random feedback / DFA
0, otherwise
Complexity
Memory: O(n)
Synaptic update Time: O(n?)
T
wij =wi; +p Y 8ilt]eij[t] (13) Why low memory? S-TLLR drops the recurrent
t=T synapse-level eligibility state and keeps only
. neuron-level trace terms.
Interpretation Recurrent extension Also derived for recurrent
Awgjt] = di[t] eijt] synaptic connections:
AV rec
top-down learning signal STDP-inspired local eligibility Wi

) . with the same STDP-inspired principle.
Backpropagation occurs through layers, not through time.

Key message: S-TLLR is supervised, temporal-local, low-memory, and explicitly uses both causal and non-causal spike
timing.
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S-TLLR Algorithm [9]

Algorithm 2 S-TLLR

Require: x,y*,w, T, T}, p

1: fort=1,2,..., T do
2: fori=1,2,...,Ldo
3: Update u®[¢], y[¢]
4; Update eligibility trace e(V[¢]
5. endfor
6: ift > T, then
7: Compute output learning signal &%)
8: fori=L—-1,L—2,...,2do
9: Compute 5V by BP or random feedback
10: end for
11: Aw{1t] = 5y
. L NG -1
12: Ang) [t] = ()E ) eEJ )[t]
13: end if
14: end for

15: w :=w® 4 p 3T AwD[¢]
16: return w
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BPTT vs. STDP vs. S-TLLR (9]

~ ac Lo
¢ Awlt] = apeylt] > N, 2t Awlt] = oy T (ult]) Y AL lzft’
Awlt] = )”‘I O'(ult]) 37 Yalt! v Z O oyl Z:
vk =0 Faponlt] Y Nooliylt] Fapolt] Y Ao T (ult])
=0 =0
BPTT STDP S-TLLR
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S-TLLR: Complexity Comparison [9]

J. Bakhshaliyev

Method Memory Time Temporal Leverage
Complexity = Complexity Local Non-Causality
BPTT Tn Tn? No No
RTRL n3 nt Yes No
e-prop n? n? Yes No
OSTL n? n? Yes No
ETLP n? n? Yes No
OSTTP n? n? Yes No
OoTTT n n? Yes No
S-TLLR n n? Yes Yes

Main point: S-TLLR keeps temporal locality with linear memory in the number of neurons.
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S-TLLR: Effect of Non-Causal Terms [9]

Dataset Model Qpost = 0 Qpost = +1 opost = —1

DVS Gesture VGG9 94.61 £+ 0.73% 94.01 + 1.10% 95.07 + 0.48%
DVS CIFAR10 VGG9 72.93 £ 0.94% 73.42 £ 0.50% 73.93 + 0.62%
N-CALTECH101  VGG9 62.24 + 1.22% 53.42+1.50%  66.33 + 0.86%
SHD RSNN 77.094+0.33%  78.23 & 1.84% 74.69 & 0.47%

Vision tasks benefit from apost < 0, while SHD benefits from apost > 0.
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S-TLLR: Performance ComparisonI[9]

J. Bakhshaliyev

Dataset Method Model Accuracy
DVS CIFAR10 BPTT baseline VGG-9 75.44 + 0.76%
DVS CIFAR10 S-TLLR (T} = 5, arpost = —1) VGG-9 73.93 + 0.62%
DVS CIFAR10 S-TLLR(Ty = 0, apost = —1)  VGG-9 75.6 £ 0.10%
DVS CIFAR10 S-TLLR (Ty = 0, arpost = 0) VGG-9 74.8 £ 0.15%
DVS CIFAR10 BPTT baseline ResNet18 72.68 + 0.87%
DVS CIFAR10 S-TLLR (T} = 5) ResNet18 71.94 + 0.75%
DVS CIFAR10 S-TLLR (T} = 0) ResNet18 74.5 + 0.64%
DVS Gesture BPTT baseline VGG-9 95.58 + 1.08%
DVS Gesture S-TLLR VGG-9 97.72 + 0.38%
DVS Gesture BPTT baseline ResNet18 94.92 + 0.38%
DVS Gesture S-TLLR ResNet18 94.92 + 0.61%
N-CALTECH101 BPTT baseline VGG-9 65.92 + 0.82%
N-CALTECH101 S-TLLR VGG-9 66.058 + 0.92%
N-CALTECH101 BPTT baseline ResNet18 60.89 + 0.89%
N-CALTECH101 S-TLLR ResNet18 61.65 + 0.99%
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S-TLLR: Performance Comparison II [9]

Dataset  Method Model Accuracy / Metric
SHD ETLP ALIF-RSNN 74.59 £ 0.44%
SHD OSTTP LIF-RSNN 77.33 £0.8%
SHD BPTT baseline  LIF-RSNN 70.57 £ 0.96%
SHD S-TLLRgp LIF-RSNN 78.24 + 1.84%
SHD S-TLLRpFa LIF-RSNN 74.60 £ 0.52%

S-TLLR stays competitive with BPTT while using much less memory.
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TESS: Temporally and Spatially Local Learning [10]

Previous temporal-local rules
e-prop, OSTL, S-TLLR

avoid backpropagation through time by using eligibility traces.
But many of them still need a spatial learning signal from upper layers:

[
9s() [t] local in time
TESS goal
local temporal credit + local spatial credit
Main idea

TESS = S-TLLR-style low-memory traces + local learning signal generation

Key difference from S-TLLR: S-TLLR is temporal-local but still uses BP/DFA for the learning signal; TESS generates the
learning signal inside each layer.
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TESS: Forward Model and Three-Factor Form [10]

LIF forward dynamics

u [ = (uV1t = 1) = w0Vt = 17) + 3 WPl Ve
J

ol"[t) = © (ul"[t] - vun)

Three-factor update
AW =3 mP el [y
t

learning signal x eligibility trace

TESS changes both factors
egé) [t] = low-memory causal/non-causal traces

m§” [t] = locally generated layer-wise learning signal

TESS is fully local: no BPTT through time and no BP through layers.
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TESS: Learning Rule Strategies [10]

=%
+ sy

oL 0sV[f) oL
O = O = ccat ]t
Aw [y 350/ oW 0 Aw Oy 06“‘Mh neft]
() Non-local learning rule (b) Temporally local learning rule

(c) Fully local learning rule
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TESS: Temporal Traces and Local Learning Signal [10]

Causal presynaptic trace
0 V1t] = Moreg™ [t = 1] + 0“7V 1]

elRlt] = apre® (D [t]) @ ¢V 1]

pre

Non-causal postsynaptic trace
R[] = Xposth M [t — 1] + W (D[t — 1))

el [t] = aposth P [t] @ o V(1]

post

Local learning signal generation
m®1t = BOT (Vo) —y")

Each layer maps its own spikes to task space, compares with the target, and projects the error back locally.
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TESS: Method Overview [10]

® : Element-wise product
141
olt* )[t 1] ® : Outer product

Space

AW(!)[t]_ (ml []Qﬂpw ul )®Z)\z t o (1-1)

pre

+HmU[to Z Nporr Tt ])) ® aposco(l Vit
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TESS: Memory Cost [10]

BPTT stores states for all time steps
L

Memgprr =T > n'Y ~ O(TLn)
=0

S-TLLR stores two neuron-level traces

L
Mems.t g = 22 n® ~ O(Ln)
=0

TESS stores the same type of vector traces
¢, n O

L
Memress = 2 n ~ O(Ln)
1=0

TESS stores neuron-level traces, not synapse-level traces.
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TESS: Computational Cost [10]

BPTT learning-signal cost

L
MACgerr = T > nn'"" ~ O(TLn?)
=1

S-TLLR still propagates errors through layers

L
MACstur = (T — 1) > nPn'"D ~ 0(Ln?)
=1

TESS generates the learning signal locally
m® [t = BWT (f(B(l)O(l) ) — ’l/*)

L
MACress = (T — 1) > 200" ~ O(LCn)
=1

Since usually C < n, TESS is much cheaper than layer-wise backpropagation.
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TESS: Complexity Comparison [10]

Method Memory Time Temporal Spatial
Complexity = Complexity Locality Locality
BPTT TLn TLn? No No
e-prop Ln? Ln? Yes No
OSTL Ln? Ln? Yes No
ETLP Ln? LCn Yes Yes
OSTTP Ln? LCn Yes Yes
OoTTT Ln Ln? Yes No
S-TLLR Ln Ln? Yes No
TESS Ln LCn Yes Yes

TESS combines the memory advantage of S-TLLR with the spatial locality of local signal generation.
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TESS: Non-Causal Term Ablation [10]

Dataset T

Qpost = —1

Qpost = 0

Qpost = +1

CIFAR10-DVS 10
DVS Gesture 20
CIFAR10 6
CIFAR100 6

75.00 + 0.69%
98.56 + 0.41%
89.93 £ 0.31%
62.49 + 1.05%

75.00 + 0.65%
98.33 £ 0.57%
91.99 £ 0.19%
68.19 + 0.55%

74.36 £ 0.87%
98.56 + 0.31%
92.55 + 0.16%
70.00 £+ 0.34%

The best non-causal setting is dataset-dependent; positive inclusion helps CIFAR10 and CIFAR100.

J. Bakhshaliyev
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TESS: Performance and Cost I [10]

J. Bakhshaliyev

Dataset Method Local Accuracy MACs
Learning (x10%)
CIFAR10-DVS ~ BPTT baseline No 76.40 + 0.66% 13589.59
CIFAR10-DVS  S-TLLR baseline Partial 75.14 +1.37% 13589.59
CIFAR10-DVS  TESS Yes 75.00 + 0.65% 22.15
DVS Gesture BPTT baseline No 97.95 + 0.68% 12079.69
DVS Gesture S-TLLR baseline Partial 98.48 + 0.37% 12079.69
DVS Gesture TESS Yes 98.56 + 0.31% 22.65

On DVS Gesture, TESS is fully local and slightly outperforms both baselines.
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TESS: Performance and Cost II [10]

Dataset Method Local Accuracy MACs
Learning (x10°)
CIFART0 BPTT baseline No 92.55 £ 0.06% 3623.90
CIFAR10 S-TLLR baseline Partial 91.88 + 0.28% 3623.90
CIFAR10 TESS Yes 92.55 + 0.16% 5.48
CIFAR100  BPTT baseline No 69.28 +£ 0.37% 3624.18
CIFAR100  S-TLLR baseline Partial 68.00 £ 0.71% 3624.18
CIFAR100  TESS Yes 70.00 + 0.34% 17.64

TESS matches BPTT on CIFAR10 and exceeds the BPTT baseline on CIFAR100.

J. Bakhshaliyev
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Future Directions



Future Directions

Removed due to internal discussion

This part was intentionally omitted from the shared version of the slides.
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Closing



Conclusion

| summarized key papers from 2016-2025 and identified three main research
directions for my next work.

| plan to build a codebase that includes existing local learning methods and
carefully study their implementations.

Understanding local learning mechanisms in SNNs can support cross-domain
knowledge transfer and inspire new architectures.

Developing a new learning rule with strong performance is challenging, but | will
continue exploring it alongside my other research directions.
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Thanks for listening!

Any Questions?
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