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Research direction
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Understanding the structure to function mechanism

Wu et al, Science Advances, 2025
Bi et al, iScience, 2025 
Huang et al, NIPS, 2025
Liu et al, AAAI NeuroAI workshop,2026
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How?

Chen, Scherr, Maass, Science Advances, 2022
Chen & Gong, Science Advances, 2022
Chen, Qu, Gong, Neural Networks, 2022
Chen & Gong, Nature Communications, 2019

Gao et al, ICLR, 2026
Ye et al, ICLR, 2026
Zhou et al, ICML, 2026
Wang et al, ICML, 2026



Credit assignment

< 3 >https://amassivek.github.io/sigprop

Question

How to set synaptic weights to achieve more ideal output?

Global learning Local learning



Temporal credit assignment
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Forward pathBackward path

Question

Long backward path causes gradient unstable

https://amassivek.github.io/sigprop



Feedforward vs recurrent: parallel and serial
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Even a handful of freely moving objects 
becomes genuinely hard to predict after a 
few seconds: every collision re-routes the 
entire future trajectory, and the state at any 
later time is the endpoint of a chain of 
dependent events.

Complexity theory demonstrates that 
a fixed‑ depth model cannot do 
better than TC⁰, no matter how wide 
you make it.

you can add more cooks to the kitchen, but the 
soup still needs time to simmer

Importance

Not all problems can be solved in parallel

Liu et al, ICLR, 2026



Recurrent model outperforms feedforward model in reasoning
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Model size: 
Deepseek R1  —— 671B
HRM              —— 0.027B (1/25000)

Wang et al, under review



Important for the brain and brain-inspired AI
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Question

The brain is doing BPTT?

Strong nonlinearity is harmfulNo way to do exact backpropagation



Dilemma of existing methods
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The Dilemma of Existing Methods:

Ø BPTT: Precise gradients but requires unrolling the 
computational graph; memory scales linearly with 
sequence length (O(T)), prone to vanishing/exploding 
gradients.

Ø Online Learning: Computationally efficient (O(1) memory) 
but performing far worse than BPTT.

Ø Local Learning: Computationally efficient (good for chips) 
but performing far worse than BPTT.

Backpropagation through time



Background: Criticality
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Lee and Mashour, Anesthesilogy, 2018 

� � ∝ ��

� �� ∝ ��

Scale-free property of power law



Background: Long range correlation
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Distance

Correlation

Chen & Gong, Nature Communications, 2019

Carvagna et al including Parisis, PNAS，2010



Background: Long range correlation
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MEG of human brain
DFA
Long-range temporal correlation

Linkenkaer-Hansen et al, Journal of Neuroscience, 2001Smith et al., Nat. Neurosci., 2019

Calcium imaging of mouse V1
Long-range spatial correlation



Callback: Dilemma of existing methods
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The Dilemma of Existing Methods:

Ø BPTT: Precise gradients but requires unrolling the 
computational graph; memory scales linearly with 
sequence length (O(T)), prone to vanishing/exploding 
gradients.

Ø Online Learning: Computationally efficient (O(1) memory) 
but performing far worse than BPTT.

Ø Local Learning: Computationally efficient (good for chips) 
but performing far worse than BPTT.

Backpropagation through time



Mathematical deduction by a vanilla RNN
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Mathematical deduction by a vanilla RNN
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Two Core Hypotheses: Under the critical state (edge of chaos), neural signals exhibit two key 
properties

Assumption 1: long-range temporal correlations: On short time scales in a stable near-critical 
regime, the BPTT pre-activation gradient δ�

(�) continues approximately by a per-unit scalar 
(breaking backpropagation through time->online)

δ�+1
(�) ≈ ��δ�

(�)

Assumption 2: long-range spatial correlations: In a stable near-critical regime, the within-step 
teaching signal is assumed to be spatially coherent. Specifically, for a fixed unit i, the error signal 
of any unit j is approximately proportional to that of unit � (breaking backpropagation through 
space->local) :

δ�
(�) ≈ ���δ�

(�)

Quantify criticality by Laypunov exponent Initialization with � to control Chaos



Hypothesis Validation
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Laypunov exponents demonstrate near edge-of-chao 
criticality

Long-range spatiotemporal 
correlation is validated



Mathematical Derivation: From BPTT to COLA
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1) The original BPTT form

2) By using assumption 1: δ�+1
(�) ≈ ��δ�

(�), we get

3) Combine 1) and 2)

4) For a fixed unit �, the �-th component reads
No propagation through time now



Mathematical Derivation: From BPTT to COLA
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5) By using assumption 2: δ�
 � ≈ ���δ�

 � , we get
 

6) Define ��

7) From 4), 5) and 6)

8) By transposing terms in 7)

4)

No spatial propagation now



Closed-form online estimation
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Estimation of μ�

How to update

Estimation of ��

• Gradient estimation (error signal) 
multiplying presynaptic neural activity

• Similar to BTSP, interestingly



Performance
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Comparable to BPTT and its variants on both simple and hard tasks



Performance
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COLA works on multiple types of neural network models



Performance
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COLA beats BPTT when the sequence is long



Cost
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COLA is light weight



Take home messages
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COLA (Criticality-driven Online Local Alignment): A rigorous online local learning 
rule.
Mechanism: Uses Dynamical Criticality as an enabler to transform BPTT’s temporal 
recursion into a local approximation at the same timestep.

Key Advantages: 

Ø Constant Memory: Requires only O(H) 
auxiliary states; activation memory is 
O(1).

 
Ø High Performance: Matches BPTT in 

benchmarks and shows superior stability 
in long-period tasks.

Ø Linear Time Complexity: O(TP) temporal 
overhead.  



Thank you!


