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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)

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

Backprop solves credit assignment

∆Wl = −η δlh⊤
l−1

δl =
(
W

⊤
l+1δl+1

)
⊙ f ′

(al)

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

But strict backprop needs

forward activity+ backward error variables

layer L→ layer L− 1→ · · · → layer 1

So learning depends on a separate backward error
pathway.

Biological / implementation issues
1. Weight transport

W
⊤
l+1

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

δl

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

W
⊤
l+1δl+1 −→ local trace× 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

2017–2019
Online Learning

for RNNs
∼6 papers

2016–2020
Local Learning

Signals
∼3 papers

2020
E-prop
∼2 papers

2021–2023
Online

Spatio-Temporal
Learning
∼4 papers

2024–2025
STDP-Inspired

Learning
∼2 papers

2025–
Continuation

...
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Online Learning for RNNs



Recurrent Neural Networks [1]

Recurrent state update

a(t) = Fw

(
a(t−1),x(t)

)
Output/readout

y(t) = F out
wo

(
a(t)

)
Instantaneous loss

L(t) = L
(
y(t),y∗(t)

)
Total objective

L =
∑
t

L(t)

Modelmaps
Fw : Rm → Rn

F
out
wo

: Rn → Rnout

w ∈ RP
, wo ∈ RPo

Easy / natural online:

∂L(t)

∂wo

only needs information at time t.

Heart of the problem:
∂L
∂w

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

Past-facing: Future-facing:

Past-facing: current loss receives influence from past weight applications.
Future-facing: current weight application influences future losses.

J. Bakhshaliyev Local Learning Rules for SNNs 9 / 73



Real-Time Recurrent Learning (RTRL) [1]

Global recurrent objective
∂L
∂w

=
∑
t

∑
s≤t

∂L(t)

∂w(s)
(1)

If t is real time: past-facing gradient

∇wL(t) =
t∑

s=0

∂L(t)

∂w(s)
=
∂L(t)

∂w
(2)

Influence matrix

M
(t)
kp =

∂a
(t)
k

∂wp

(3)

Dimensions
a
(t) ∈ Rn

w ∈ RP

M
(t) ∈ Rn×P

J
(t) ∈ Rn×n

c
(t) ∈ Rn

RTRL influence update

M
(t)

=
∂a(t)

∂w
= J

(t)
M

(t−1)︸ ︷︷ ︸
past influence

+ M
(t)︸ ︷︷ ︸

immediate influence

(4)
Gradient from current loss

∂L(t)

∂w
=
∂L(t)

∂a(t)︸ ︷︷ ︸
c(t)

∂a(t)

∂w︸ ︷︷ ︸
M(t)

= c
(t)

M
(t) (5)

RTRL: exact online gradient, but expensive.

Memory: O(n
3
)−M(t) Computation: O(n

4
)−J(t)

M
(t)
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RTRL Approximations [1]

Continuous-time vanilla RNN
a
(t)

= (1− α)a(t−1)
+ αϕ

(
Wâ

(t−1)
)
, â

(t−1)
= concat

(
a
(t−1)

,x
(t)
, 1
)

W ∈ Rn×m
, ϕ : Rn → Rn

, α ∈ (0, 1]

Influence tensor

M
(t)
kij =

∂a
(t)
k

∂Wij

It measures how the k-th hidden unit changes when
perturbing the connection from input/source j to unit i.
Immediate influence

M
(t)
kij =

∂a
(t)
k

∂W
(t)
ij

= αδkiϕ
′
(
h
(t)
i

)
â
(t−1)
j

Only nonzero when k = i:Wij directly affects unit i.

CompressingM (t)
kij

M
(t)
kij ≈



A
(t)
k B

(t)
ij UORO

A
(t)
j B

(t)
ki KF-RTRL

A
(t)
i B

(t)
kj Reverse KF-RTRL

A
(t)
ki B

(t)
ij KeRNL/RFLO

A
(t)
kj B

(t)
ij Unexplored

A
(t)
ki B

(t)
kj Unexplored

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

Approximation: sensitivity× efficacy
M

(t)
kij ≈ A

(t)
k B

(t)
ij

A
(t)
k B

(t)
ij =

ρ0∑
k′
J

(t)

kk′A
(t−1)

k′ + ρ1νk

ρ−1
0 B

(t−1)
ij + ρ

−1
1

∑
k′
νk′M

(t)

k′ij

 (6)

⇒ E
[
A

(t)
k B

(t)
ij

]
=
∑
k′
J

(t)

kk′E
[
A

(t−1)

k′ B
(t−1)
ij

]
+M

(t)
kij = M

(t)
kij (7)

Properties:
A

(t) ∈ Rn
, B

(t) ∈ Rn×m ⇒ MemoryO(n
2
)

∑
k′
J

(t)

kk′A
(t−1)

k′ ⇒ TimeO(n
2
)

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

More natural factorization
M

(t)
kij ≈ A

(t)
j B

(t)
ki

M
(t)
kij = αδkiϕ

′
(h

(t)
i )â

(t−1)
j = D

(t)
ki â

(t−1)
j

Update equations
A

(t)
j = ν0ρ0A

(t−1)
j + ν1ρ1â

(t−1)
j (8)

B
(t)
ki = ν0ρ

−1
0

∑
k′
J

(t)

kk′B
(t−1)

k′i + ν1ρ
−1
1 αδkiϕ

′
(h

(t)
i ) (9)

Properties:
A

(t) ∈ Rm
, B

(t) ∈ Rn×n ⇒ MemoryO(n
2
)

∑
k′
J

(t)

kk′B
(t−1)

k′i ⇒ TimeO(n
3
)

Stochastic due to random variables ν0, ν1, but closed-form update.
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KeRNL: Eligibility Traces and Sensitivity [1]

Approximation
M

(t)
kij ≈ AkiB

(t)
ij

Eligibility trace
B

(t)
ij = (1− αi)B

(t−1)
ij + αϕ

′
(h

(t)
i )â

(t−1)
j (10)

Sensitivity matrix
∂a

(t)
k

∂a
(t′)
i

≈ Aki(1− αi)
(t−t′) (11)

Aki(1− αi) ≈
∑
k′
J

(t)

kk′Ak′i (12)

For t = t′:

Aki ≈
{
δki

(1− αi)
−1∑

k′ J
(t)

kk′Ak′i
(13)

AkiB
(t)
ij ≈

∑
k′
J

(t)

kk′Ak′iB
(t−1)
ij + αδkiϕ

′
(h

(t)
i )â

(t−1)
j = M

(t)
kij (14)

Aki and αi are learned by gradient descent. The B(t) update is closed-form, while KeRNL is deterministic and numerical
due to SGD.

J. Bakhshaliyev Local Learning Rules for SNNs 14 / 73



Summary of Past-Facing Algorithms [1]

Algorithm Facing Tensor Update Memory Time
RTRL Past Mkij Deterministic, closed-form O(n3) O(n4)

UORO Past AkBij Stochastic, closed-form O(n2) O(n2)

KF-RTRL Past AjBki Stochastic, closed-form O(n2) O(n3)

R-KF-RTRL Past AiBkj Stochastic, closed-form O(n2) O(n3)

r-OK Past
∑r

l=1 AljBlki Stochastic, numerical O(rn2) O(rn3)

KeRNL Past AkiBij Deterministic, numerical O(n2) O(n2)

RFLO Past δkiBij Deterministic, closed-form O(n2) O(n2)
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Future-Facing View [1]

If s is real time: future-facing gradient

∇wL(s) =
∞∑
t=s

∂L(t)

∂w(s)
=

∂L
∂w(s)

(15)

Credit assignment vector

c
(t)

=
∂L
∂a(t)

=
∂L(t)

∂a(t)︸ ︷︷ ︸
c(t)

+c
(t+1)

J
(t+1) (16)

∂L
∂w(t)

=
∂L
∂a(t)

∂a(t)

∂w(t)
= c

(t)
M

(t) (17)

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

Efficient PF: compressM(t) Efficient FF: predict c(t+1)
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Future Facing Algorithms [1]

RTRL E-BPTTF-BPTT

a b c
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DNI: Decoupled Neural Interfaces [1]

Linear prediction of credit assignment

c
(t)
i ≈

∑
l

ã
(t)
l Ali, ã

(t)
= concat

(
a
(t)
,y

∗(t)
, 1
)

L
(t)
SG =

1

2

∥∥∥∥∥∑
l

ã
(t)
l Ali − c(t)i

∥∥∥∥∥
2

(18)

But this begs the question: how do we get c(t) without future information?

c
(t)

= c
(t)

+ c
(t+1)

J
(t+1) (19)

∆Ali ∝ −ã(t)l

∑
l′
ã
(t)

l′ Al′i −

c(t)i +
∑
m

∑
l′
ã
(t+1)

l′ Al′mJ
(t+1)
mi

 (20)

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(n2)

F-BPTT Future – Deterministic, closed-form O(nT ) O(n2T )

DNI Future Ali Deterministic, numerical O(n2) O(n2)
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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:

δyk = W
T
k+1δzk+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:

W
T
k+1δzk+1 −→ B

T
k e or B

T
k y

∗

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]

W3

BP FA DFA DRTP

Bk e
T

x

y1

y*

e

=Wk+1 zk+1
TJ

yk

A B C D

Bk zk+1
T

Bk y*
Tyk

Weight-transport-free

Update-unlocked

✓✕ ✓

✓

✓

✕ ✕ ✕

y3

y2

zk =Wk yk-1 + bk

yk = fk(zk)

zk = yk⊙fk(zk)
'

Layer equations

x x xy* y* y*

y2

y3

y1 y1 y1

y2 y2 y2

y3 y3 y3

e e e

y1

y3 y3 y3

y2

y1

y2

y1

y2

y1

W2

W1

W3
T

W2
T

W1

W2

W3 W3 W3

W2 W2

W1 W1

B2
T

B1
T

B2
T

B1
T

B2
T

B1
T
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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 alignment relaxes weight symmetry:

W
T
k+1δzk+1 −→ B

T
k e

DRTP goes further:
B

T
k e −→ B

T
k y

∗

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



E-prop: The Learning Dilemma [3]

Target setting: recurrent spiking neural networks (RSNNs)
A synapseWji 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
dE

dWji

=
∑
t

L
t
j e

t
ji

L
t
j =

dE

dztj
, e

t
ji =

[
dztj

dWji

]
local

Interpretation
weight update = learning signal× eligibility trace

∆W
t
ji ∝ −L

t
je

t
ji

Eligibility trace etji
local memory at the synapse

depends on presynaptic activity, postsynaptic state,
membrane/adaptation variables, spike history

Learning signal Lt
j

but exact future credit is not available online
Supervised approximation

L̃
t
j =

∑
k

Bjk(y
t
k − y

∗,t
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

h
t
j = M(h

t−1
j , z

t−1
, x

t
,Wj), z

t
j = f(h

t
j)

y
t
k =

∑
j

W
out
kj z

t
j , E

t
= ℓ(y

t
, y

∗,t
)

Eligibility vector recursion

ϵ
t
ji =

∂ht
j

∂ht−1
j

ϵ
t−1
ji +

∂ht
j

∂Wji

e
t
ji =

∂ztj

∂ht
j

ϵ
t
ji ≈ ψ

t
j ϵ

t
ji

Online update
∆W

t
ji = −η L̃t

j e
t
ji =⇒ ∆Wji = −η

∑
t

L̃
t
je

t
ji

For a simple LIF neuron, this becomes the three-factor rule
∆W

t
ji = −η L̃

t
j︸︷︷︸

top-down learning signal

ψ
t
j︸︷︷︸

postsynaptic sensitivity

z̄
t
i︸︷︷︸

presynaptic trace

E-prop memory: O(S) ≈ O(n
2
), E-prop per-step time: O(S) ≈ O(n

2
)

Key advantage: e-prop is online; memory does not grow with sequence length T .
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Deep Continuous Local Learning (DECOLLE) [4]
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Online Spatio-Temporal Learning



OSTL: Online Spatio-Temporal Learning [5]

Forward dynamics
s
t
l = Wly

t
l−1 +Hly

t−1
l + d s

t−1
l ⊙ (1− yt−1

l )

y
t
l = Θ(s

t
l + bl), Ψ

t
l =

∂ytl
∂stl
≈ diag(ψ

t
l )

Full BPTT gradient
E =

∑
t

E
t
(y

t
k, ŷ

t
), θl ∈ {Wl, Hl, bl}

dE

dθl
=
∑
t

∂Et

∂ytk

[
Ψ

t
k

dstk
dθl

+
∂ytk
∂θl

]

The difficult object is dstk
dθl

: it contains all temporal and spatial paths from θl to the final-layer state.
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OSTL: Online Spatio-Temporal Learning [5]

Same-layer temporal sensitivity

ϵ
t,θl
l =

dstl
dθl

dstl
dθl

=
∑
τ≤t

 t∏
r=τ+1

dsrl

dsr−1
l

[∂sτl
∂θl

+
∂sτl

∂yτ−1
l

∂yτ−1
l

∂θl

]

Forward recursion

ϵ
t,θl
l =

dstl

dst−1
l

ϵ
t−1,θl
l +

[
∂stl
∂θl

+
∂stl

∂yt−1
l

∂yt−1
l

∂θl

]

Output eligibility

e
t,θl
l = Ψ

t
lϵ

t,θl
l +

∂ytl
∂θl

e
t,θl
l tells how θl affected the current output ytl through the past dynamics of layer l.
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OSTL: Online Spatio-Temporal Learning [5]
Spatial learning signal

L
t
k =

∂Et

∂ytk

L
t
l = L

t
l+1Ψ

t
l+1Wl+1

temporal credit→ e
t,θl
l , spatial credit→ L

t
l

OSTL gradient
dE

dθl
=
∑
t

L
t
le

t,θl
l + R ⇒

dE

dθl
≈
∑
t

L
t
le

t,θl
l

Residual R
D

t
m,l =

dstm
dθl

, m > l

θl → y
τ
l → s

τ
l+1 → s

τ+1
l+1 → · · · → E

t

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]
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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:
e
t,θl
l

but replaces the spatial backpropagation signal with a projected target:

L
t
l = Bly

t,∗

So the update becomes:
∆θl ≈

∑
t

(Bly
t,∗

) e
t,θl
l

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]

ty *

yt
1

yt
2

et-1

Loss
BPTT OSTL rnd

DRTP OSTTP

B1X

X

W1

W2

1

et-12

et1

et2

Lt2

Lt1

Loss

1

yt
1

yt
0

yt
2

X

X

W

W2

ty *

B1

Loss

1

yt
1

yt
0

yt
2

X

X

W

W2

ty *

B1

L

Lt1

t
2

yt
0

ty *

yt
1

yt
2

W1

W2

yt
0

ΔW2

et-11

et-12

et1

et2

a b

c d

ΔW1

ΔW2

ΔW1

ΔW2 ΔW2

ΔW1ΔW1

Loss
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OSTTP: Algorithm Comparison [7]

Algorithm No symmetric No update-locking No update-locking
weights in time in space

BPTT × × ×
FA √ – ×
DFA √ – ×
DRTP √ – √

e-prop √ √
×

OSTL ×
√

×
OSTL rnd √ √

×
DECOLLE √ √ √

ETLP √ √ √

OSTTP √ √ √

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



OTTT: From BPTTwith SG to Online Temporal Learning [8]

LIF neuron
ui[t+ 1] = λ (ui[t]− Vthsi[t]) +

∑
j

wijsj [t] + bi

si[t+ 1] = H (ui[t+ 1]− Vth)

BPTT with surrogate gradients

∂L

∂Wl

=

T∑
t=1

∂L

∂sl+1[t]

∂sl+1[t]

∂ul+1[t]

(
∂ul+1[t]

∂Wl

+
∑
τ<t

· · ·
)

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

∂u
≈ rectangular or sigmoid-like surrogate

Why BPTT is expensive
store all time-step states =⇒ backward through time

MemoryBPTT = O(TLn)

Goal of OTTT: keep strong supervised training, but remove backpropagation through time.
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OTTT: Decoupling Temporal Dependency [8]
Key OTTT idea
In the temporal dependency path, do not use surrogate derivatives:

∂ul+1[i+ 1]

∂sl+1[i]

∂sl+1[i]

∂ul+1[i]
≈ 0

because the derivative of the Heaviside spike function is zero almost everywhere.
Then the temporal dependency reduces to only the leak path:

∂ul+1[i+ 1]

∂ul+1[i]
= λI

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

âl[t] =
∑
τ≤t

λ
t−τ

sl[τ ]

with online update:
âl[t+ 1] = λâl[t] + sl[t+ 1]

Instantaneous loss

L[t] =
1

T
L(sN [t], y) , L =

T∑
t=1

L[t]

This makes gradients computable independently at each time step, without backward-through-time.
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OTTT: Online Gradient and Three-Factor Form [8]

Instantaneous OTTT gradient
∇Wl

L[t] = gul+1
[t]âl[t]

T

where
gul+1

[t] =

(
∂L[t]

∂sl+1[t]

∂sl+1[t]

∂ul+1[t]

)T

Interpretation
postsynaptic error/sensitivity× presynaptic trace

At neuron/synapse level:
∇Wij

L[t] = âi[t] f(uj [t]) δj [t] (7)

So OTTT has a three-factor Hebbian form:

presynaptic trace× postsynaptic factor× learning signal

Important
OTTT is online in time, but it still uses instantaneous spatial backpropagation.
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BPTT vs. OTTT [8]
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OTTT: Algorithm [8]

Algorithm 1 One iteration of OTTT training for a feedforward network
Require: Network parameters {Wl}, {bl}; input x; label y; time steps T
1: for t = 1, 2, . . . , T do
2: for l = 1, 2, . . . , N do
3: Update membrane potentials ul[t] and spikes sl[t]
4: Update tracked presynaptic activity

â
l
[t] = λâ

l
[t − 1] + ŝ

l
[t]

5: end for
6: for l = N,N − 1, . . . , 1 do
7: Compute instantaneous backpropagated error glu[t]

8: Compute instantaneous gradient
∇Wl−1

L[t] = g
l
u[t](â

l−1
[t])

T

9: if online update then
10: Update weights immediately (OTTTO )
11: else
12: Accumulate gradients (OTTTA )
13: end if
14: end for
15: end for
16: if not online update then
17: Update parameters with accumulated gradients
18: end if
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OTTTA vs. OTTTO andWhy No BatchNorm [8]

Two variants

OTTTA : ∇WL =
T∑

t=1

∇WL[t]

OTTTO : W ← W − η∇WL[t] at each time 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)

Ŵi,j = γ
Wi,j − µWi,·

σWi,·

√
N

sWS stabilizes training without needing future time-step statistics.
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STDP-Inspired Local Learning



Spike-Timing Dependent Plasticity (STDP) [9]

SNN forward model
ui[t] = γ (ui[t− 1]− vthyi[t− 1]) + wijxj [t]

yi[t] = Θ (ui[t]− vth)

Interpretation

xj [t]→ ui[t]→ yi[t]

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

STDP timing function

Φ(ti, tj) =

αpreλ
ti−tj
pre , ti ≥ tj

αpostλ
tj−ti
post , ti < tj

Causal term
tj → ti pre before post

Non-causal term
ti → tj post before pre

αpost < 0⇒ favor causality αpost > 0⇒ favor synchrony

J. Bakhshaliyev Local Learning Rules for SNNs 46 / 73



S-TLLR: From STDP to a Local Eligibility Trace [9]

STDP written online

∆wij [t] = αpreyi[t]
t∑

t′=0

λ
t−t′
pre xj [t

′
]+αpostxj [t]

t−1∑
t′=0

λ
t−t′
post yi[t

′
]

wij [t+ 1] = wij [t] + ∆wij [t]

∆wij [t] = αpreyi[t] tr(xj)[t] + αpostxj [t]
(
tr(yi)[t]− yi[t]

)

STDP is temporal-local and uses both causal and non-causal
timing.

BPTT recap
dL
dw

=
∑
t

∂L
∂y[t]

∂y[t]

∂u[t]

∂u[t]

∂w

Generic three-factor rule
eij [t] = βeij [t− 1] + f(yi[t])g(xj [t])

∆wij =
∑
t

δi[t] eij [t]

S-TLLR keeps the three-factor form, but replaces the
eligibility trace.

S-TLLR technical eligibility trace

eij [t] = αpreΨ(ui[t])

t∑
t′=0

λ
t−t′
pre xj [t

′
] + αpostxj [t]

t−1∑
t′=0

λ
t−t′
post Ψ(ui[t

′
])

eij [t] = αpreΨ(ui[t]) tr(xj)[t] + αpostxj [t]
(
tr(Ψ(ui))[t]−Ψ(ui[t])

)

αpreΨ(ui[t]) tr(xj)[t]︸ ︷︷ ︸
causal

+ αpostxj [t]
(
tr(Ψ(ui))[t]−Ψ(ui[t])

)︸ ︷︷ ︸
non-causal
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S-TLLR: Learning Signal and Update [9]

Learning signal

δ
(l)
i [t] =


∂L(yL[t],y∗)

∂y
(l)
i [t]

, t ≥ Tl

0, otherwise

Synaptic update

wij := wij + ρ
T∑

t=Tl

δi[t] eij [t] (13)

Interpretation
∆wij [t] = δi[t]︸︷︷︸

top-down learning signal

eij [t]︸ ︷︷ ︸
STDP-inspired local eligibility

Backpropagation occurs through layers, not through time.

Learning-signal choices

BP through layers

or random feedback / DFA

Complexity
Memory: O(n)

Time: O(n
2
)

Why low memory? S-TLLR drops the recurrent
synapse-level eligibility state and keeps only
neuron-level trace terms.
Recurrent extension Also derived for recurrent
synaptic connections:

w
rec
ik

with the same STDP-inspired principle.

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, Tl, ρ
1: for t = 1, 2, . . . , T do
2: for l = 1, 2, . . . , L do
3: Update u(l)[t], y(l)[t]

4: Update eligibility trace e(l)[t]
5: end for
6: if t ≥ Tl then
7: Compute output learning signal δ(L)

8: for l = L− 1, L− 2, . . . , 2 do
9: Compute δ(l) by BP or random feedback
10: end for
11: ∆w

(L)
ij [t] = δ

(L)
i y

(L−1)
j [t]

12: ∆w
(l)
ij [t] = δ

(l)
i e

(l−1)
ij [t]

13: end if
14: end for
15: w(l) := w(l) + ρ

∑T
t=1 ∆w(l)[t]

16: returnw

J. Bakhshaliyev Local Learning Rules for SNNs 49 / 73



BPTT vs. STDP vs. S-TLLR [9]
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S-TLLR: Complexity Comparison [9]

Method Memory Time Temporal Leverage
Complexity Complexity Local Non-Causality

BPTT Tn Tn2 No No
RTRL n3 n4 Yes No
e-prop n2 n2 Yes No
OSTL n2 n2 Yes No
ETLP n2 n2 Yes No
OSTTP n2 n2 Yes No
OTTT n n2 Yes No
S-TLLR n n2 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 αpost = 0 αpost = +1 αpost = −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 77.09± 0.33% 78.23± 1.84% 74.69± 0.47%

Vision tasks benefit from αpost < 0, while SHD benefits from αpost > 0.

J. Bakhshaliyev Local Learning Rules for SNNs 52 / 73



S-TLLR: Performance Comparison I [9]

Dataset Method Model Accuracy
DVS CIFAR10 BPTT baseline VGG-9 75.44± 0.76%

DVS CIFAR10 S-TLLR (Tl = 5, αpost = −1) VGG-9 73.93± 0.62%

DVS CIFAR10 S-TLLR (Tl = 0, αpost = −1) VGG-9 75.6± 0.10%

DVS CIFAR10 S-TLLR (Tl = 0, αpost = 0) VGG-9 74.8± 0.15%

DVS CIFAR10 BPTT baseline ResNet18 72.68± 0.87%

DVS CIFAR10 S-TLLR (Tl = 5) ResNet18 71.94± 0.75%

DVS CIFAR10 S-TLLR (Tl = 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-TLLRBP LIF-RSNN 78.24± 1.84%

SHD S-TLLRDFA 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:[

∂L
∂s(l)[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: ForwardModel and Three-Factor Form [10]
LIF forward dynamics

u
(l)
i [t] = γ

(
u
(l)
i [t− 1]− vtho

(l)
i [t− 1]

)
+
∑
j

W
(l)
ij o

(l−1)
j [t]

o
(l)
i [t] = Θ

(
u
(l)
i [t]− vth

)

Three-factor update
∆W

(l)
ij =

∑
t

m
(l)
i [t] e

(l)
ij [t]

learning signal× eligibility trace

TESS changes both factors
e
(l)
ij [t]⇒ low-memory causal/non-causal traces

m
(l)
i [t]⇒ locally generated layer-wise learning signal

TESS is fully local: no BPTT through time and no BP through layers.

J. Bakhshaliyev Local Learning Rules for SNNs 56 / 73



TESS: Learning Rule Strategies [10]
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TESS: Temporal Traces and Local Learning Signal [10]
Causal presynaptic trace

q
(l)

[t] = λpreq
(l)

[t− 1] + o
(l−1)

[t]

e
(l)
pre[t] = αpreΨ(u

(l)
[t])⊗ q(l)[t]

Non-causal postsynaptic trace
h
(l)

[t] = λposth
(l)

[t− 1] + Ψ(u
(l)

[t− 1])

e
(l)
post[t] = αposth

(l)
[t]⊗ o(l−1)

[t]

Local learning signal generation
m

(l)
[t] = B

(l)T
(
f(B

(l)
o
(l)

[t])− 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]
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TESS: Memory Cost [10]
BPTT stores states for all time steps

MemBPTT = T
L∑

l=0

n
(l) ≈ O(TLn)

S-TLLR stores two neuron-level traces

MemS-TLLR = 2

L∑
l=0

n
(l) ≈ O(Ln)

TESS stores the same type of vector traces
q
(l)

[t], h
(l)

[t]

MemTESS = 2
L∑

l=0

n
(l) ≈ O(Ln)

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

BPTT learning-signal cost

MACBPTT = T
L∑

l=1

n
(l)
n
(l−1) ≈ O(TLn

2
)

S-TLLR still propagates errors through layers

MACS-TLLR = (T − tl)
L∑

l=1

n
(l)
n
(l−1) ≈ O(Ln

2
)

TESS generates the learning signal locally

m
(l)

[t] = B
(l)T

(
f(B

(l)
o
(l)

[t])− y∗
)

MACTESS = (T − tl)
L∑

l=1

2Cn
(l) ≈ O(LCn)

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 TLn2 No No
e-prop Ln2 Ln2 Yes No
OSTL Ln2 Ln2 Yes No
ETLP Ln2 LCn Yes Yes
OSTTP Ln2 LCn Yes Yes
OTTT Ln Ln2 Yes No
S-TLLR Ln Ln2 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 αpost = −1 αpost = 0 αpost = +1

CIFAR10-DVS 10 75.00± 0.69% 75.00± 0.65% 74.36± 0.87%

DVS Gesture 20 98.56± 0.41% 98.33± 0.57% 98.56± 0.31%

CIFAR10 6 89.93± 0.31% 91.99± 0.19% 92.55± 0.16%

CIFAR100 6 62.49± 1.05% 68.19± 0.55% 70.00± 0.34%

The best non-causal setting is dataset-dependent; positive inclusion helps CIFAR10 and CIFAR100.
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TESS: Performance and Cost I [10]

Dataset Method Local Accuracy MACs
Learning (×106)

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 (×106)

CIFAR10 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.
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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

I summarized key papers from 2016–2025 and identified three main research
directions for my next work.
I 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 I will
continue exploring it alongside my other research directions.
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Thanks for listening!

Any Questions?
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