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Biological Plausible Algorithms
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Three Criteria

C1. Asymmetry of Forward and Backward Weights
Backward weight should notbe T

C2. Local Error Representation
Adjust solely on local information, without relying on a global error signal

C3. Non-two-stage Training

No separate forward (inference) and backward (updating) phases
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Overview
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Training MLPs/CNNs
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Training MLPs/CNNs
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Target: Label
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Training MLPs/CNNs

Update
5 ;\/\ % /QZ\ W, « W, + 1w * AW,
oL
Layer 1 Layer2 AW, =
g Target: Label i B
W _ a(_§€i+1)
v/ -[1]—E W,
& TNy o g B _6‘ (_8111'4-1)
: — i+1 awz
0 =&i+1 O f/(Wiui)ui
' O, + @i‘|‘77®*A®i
llll L] — 8£
,‘ 0.05 AOT = =
\\ 0.07 O = der
X : Prediction 1“ 0.70 ’—* 0L 0¢&;
u: Input | 0.12 - 0¢;, 00T
£ Local rror [ 9 (~1€%) 00 € © (Wi
w: Forward Weight | Olé,lt " - OE, 90T
0: Backward Weight' E z ’

= —&i[&ir1 © f/(Wiw)].

Fudan NLP Lab




Algorithm

Algorithm 1 Algorithm of Dendritic Localized Learning

Input: data DD, number of layers L, number of neurons per layer N, learning rate 1w, ne
Initialize W, © randomly for all layers
for epoch = 0 to max_epochs do
for each batch B in D do
Forward Pass (when input stimuli are fed to the basal dendrite):
Assign the input values to the basal dendrites of the input layer neurons: uy = B, and initialize x¢y = uyg
fori=0to L —1do
Compute forward pass u; 1 = f;(W;u;), where f; is the activation function for the i-th layer
Initialize Xit1 = W1
end for

Compute Local Errors (when apical dentrite receives the top-down feedback):
Assign the target values to the apical dendrites of the output layer neurons: x;, = target
Compute output error 7, = —Vy, L(ur, xr1,)
Compute input error £y = xg — Uy
fori =L —1downto1ldo
Compute local error & = T [¢,11 © f;'(W;u;)]
end for

Update Weights and Thetas Simultaneously:
fori: =0to L —1do
if £,,1 # 0 then
Update W; < W, + nw - (§i1 © fi' (Wu)u;)
Update ©; « ©; +ne - {—&i[€iy1 © fi' (Wu;)] }T
end if
end for
end for
end for
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Training RNNs

RNNs: generate outputs every time step.
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Training RNNs

Direction of adjustment

gL
p _
Ab; ~ Oh?
_ =320 (M —h3)* + (b —y))°]}
oh?
_ 0 [—3(h? —h$)? — 2(t; — yi) ] 0{~=3 Xj—isa (0] - )]} 8hz+1
oh?
_ _en, OLOyi 0L OhL,
%t Qy; 0nY  9n?, | Oh?
0 [—3(ti —y:)*] g(Wyh) Oh;
_ h o\ b Yi y4i; P i+1
B oy oM Ty
= —&'+ W] &Y 0 ¢/ (Wyh)] + W [€8, O f'(Wih! + W)
= —&M + W;E? +Wy|[€%1 © f'(Wah] + Wixii1)] .
Replacement

Ah? = —¢P + ©T¢Y + Of [¢P, © f(Wnh? + Wi, 11)]

Fudan NLP Lab




Training RNNs

When local convergence, we have

& = 0,8 + 046, © f(Whh] + Wyx;11)].
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Training RNNs
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For more details, please refer to Appendix B.
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Image Recognition
Table 1. We show both the biological plausibility of various algorithms with the proposed criteria and the accuracy of image classification
achieved by various bio-plausible learning algorithms. Our proposed DLL achieves the highest performance among the algorithms
satisfying all criteria. “C1, C2, C3” stand for three criteria proposed in Section 2.1. All results are averaged across 4 random seeds.

Method ' C1 C2 C3 ' Model | MNIST FashionMNIST SVHN CIFAR-10 ' Avg.
Backpropagation ; X F X . MLPs | 98.62%i0.17% 88.54%+0.64%  60.91%=+0.42% 48.74%:|:0.56% : 74.20%
| I CNNs 1 99.56%+0.14% 92.68%+0.42% 95.35%=+1.53% 75.10%+0.54% 1 90.67%
Bsdback Aligriment | JOx X " MLPs = 91.87%zx0.08%  82.16%=x0.14%  54.91%=0.23%  48.46%+0.11% , 69.35%
| i CNNs 1 97.00%+0.13%  89.74%+0.17%  92.66%+0.26%  59.60%+0.46% 1 84.75%
Local Losses : X v X " MLPs | 98.56%:|:0.19% 88.07%:|:0.38% 59.12%:|:0.27% 48.58%+0.35% | 73.58%
| . CNNs | 99.39%=+0.06%  91.90%+0.26%  95.08%+0.25%  72.18%+0.10% 1 89.64%
Predistive Coding : € & X : MLPs : 08.42%+0.13%  88.72%=+0.65%  59.05%+0.45%  47.34%+0.24% : 73.38%
| i CNNs | 99.41%+0.40%  92.03%+0.70%  94.53%+1.54%  72.94%+0.32% 1 89.72%
Perturbation Leaming ", , x| MLPs OLdd%zoa0n  68.90%=oar%  48.15%106%  3L07%z031% | 50.89%
| . CNNs | 92.61%+0.43%  75.79%+0.83%  57.69%+1.32%  39.72%+0.38% 1 66.45%
DifferememgaPmpagation: s v x o MLPs | 9401%x010%  83.28%+031%  54.11%%0.00%  46.10%+0.10% | 69.38%
| . CNNs | 96.40%+0.05%  90.51%+0.18%  69.72%+0.32%  50.88%+0.07% 1 T76.88%
: . . ' " MLPs ' 78.29%+0.07%  67.40%+0.69%  40.80%+0.44%  19.98%+0.23% ' 51.62%
variants Hebinan Legonung Y Y Y U CNNs | 83.05%012%  72.03%s0.48%  44.T7%+o33%  20.86%=013% | 57.43%
R STDP s v o 1 MLPs | 77.18%z0a7%  70.03%z0.28%  41.76%z0.46%  22.68%=0.50% | 52.91%
| i CNNs | 91.67%+0.04%  74.29%+0.30%  50.02%+0.32%  33.19%+0.38% 1 62.29%
e : FF " MLPs | 96.99%+0.14%  80.51%=0.74% 47.52%:1:0.63% 39.48%+0.10% | 66.12%
| i CNNs | 15.66%+0.08% 10.00%0.00% 6.70%+0.00% 10.32%+0.00% 1 10.67%
Equilibrium Propagation : b " MLPs : 93.81%:t0.18% 75.65%:|:{}.35% 22.62%+0.39%  16.93%+0.10% : 52.25%
! i CNNs | 26.73%+0.22%  30.26%+0.29% 6.70%+0.00%  10.32%+0.00% 1 18.50%
DLL (Ours) | P " MLPs | 97.57%z+0.10% 87.50%+0.43% 56.60%=x0.12% 45.87%+0.10% , 71.89%
| i CNNs | 98.87%+0.30% 90.88%+0.40% 85.81%+0.17% 70.89%+058% | 86.61%
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Sequential Tasks

We train RNNs with DLL for two sequential tasks:

1. Text-character prediction
2. Time-series forecasting task

Table 2. Performance of RNNs trained with various learning algorithms on text-character prediction and time-series forecasting. The best
results are formatted in bold font format. 1 () indicates the higher (lower) the better. All results are averaged across 3 random seeds.

Method Harry Potter Electricity | Metr-la . Pems-bay

Pred. Acc. 1 MSE, + MAE| |, MSE| ' MAE| , MSE| = MAE|]
Backpropagation 51.9%+1.0% | 0.175+0.007 | 0.324+0.007 ' 0.131+0.004 | 0.214+0.005 ' 0.164+0.001 | 0.190+0.002
Predictive Coding | 38.8%=+1.8% | 0.162+0.019 | 0.312+0.018 " 0.141+0.001 " 0.228+0.005 " 0.178=0.004 " 0.202+0.003
DLL (Ours) 33.7%+0.6% 0.172+0.018 1+ 0.321+0.013 1+ 0.155+0.005 1 0.264+0.001 1 0.178+0.005 | 0.224+0.004

We train TextCNNs with DLL for text classification tasks:
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Table 5. Performance of TextCNN on text classification tasks.

Method Subj MR
BP TextCNN | 88.50% | 74.68%
DLL_TextCNN | 84.40% | 70.79%




Analysis

1. Ablations on backward weights

Table 3. Ablation experiments on ®. “DLL-FA” indicates ® ini-
tializes randomly and will not be updated, combining our proposed
DLL and feedback alignment (FA). Numbers with * indicate mod-
els fail to converge. 1 () indicates the higher (lower) the better.

" Metric | DLL ' DLL-FA
MLPs on MNIST " acc.t | 97.57% 1 97.37%
CNNs on CIFAR-10 11 70.89% ! 69.85%
RNNs on Harry Potter 1 Acc. T 1 33.70% 1 0.71%*
N " MSE| ' 0.172 | 0.193
| | |
RNNs on Electricity  MAE | 1 0.321 | 0345
' MSE| ' 0.178 ! 0.198
- | | |
RENsonBems-bay | wxp | | g2 1 B
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2. Time Consumption and Memory Usage

Method Training Time (s/Epoch) | Memory Usage (MB)
BP_MLP 31.6 1286.4
BP_CNN 99.0 1272.9

DLL_MLP 44.7 1595.3
DLL_CNN 169.8 1306.9

3. Sensitivity of sequence length and Ir

DLL - Loss across Sequences of Different Lengths
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THANKS'!

Contact Us:
czlv24@m.fudan.edu.cn
zhengxq@fudan.edu.cn

Code is available at:

https://github.com/Lvchangze/Dendritic-Localized-Learning i
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