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Abstract 

We investigate the information processing capability of photonic Extreme Learning Machines (ELMs) 
implemented through frequency multiplexing and optical fiber nonlinearity. By adapting the concept of 
Information Capacity, previously introduced to characterize reservoir computing systems, we quantify 
how accurately a photonic ELM reconstructs nonlinear functions of its inputs. Experimental 
measurements using fiber-based Kerr nonlinearity demonstrate that the total capacity increases with 
optical power and propagation length. Furthermore, we show that information capacity strongly 
correlates with performance on machine learning tasks, using 2-spiral classification and reduced-
dimension MNIST recognition as benchmarks. These results validate Information Capacity as a practical 
tool for benchmarking and optimizing physical ELM implementations. 
 
1. Introduction 
 
Extreme Learning Machines (ELMs) [1] are feed-forward neural networks in which the input and hidden-
layer parameters remain fixed, and only the output weights are trained. This makes them particularly 
suitable for neuromorphic implementation, where controlling or accessing internal physical variables is 
difficult. 
The concept of Information Capacity (IC), introduced in [2] to characterize the computational ability of 
dynamical systems used as reservoirs, can be adapted to evaluate physical ELM implementations. In this 
work, we apply IC to photonic ELMs based on frequency multiplexing [3–5], with the aim of establishing 
IC as a practical metric for benchmarking and optimizing real-world photonic ELM hardware. 
 
 
2. Principles 
 
2.1 Extreme Learning Machines 
 

 
Figure 1: General structure of Extreme Learning Machines. 



 

 

The output layer of an ELM is trained using linear regression, while the input transformation and hidden 
layer remain fixed. Let 

𝑋(𝑢) = 𝑓௦௬௦௧௘௠(𝑢) 
denote the readout vector produced by the physical system for an input 𝑢 = (𝑢ଵ, 𝑢ଶ, . . ) ∈ 𝑈 ⊆  ℝ௤ . The 
predicted output is computed as: 

𝑦ො = ෍ 𝑊௜

௜

⋅ 𝑋௜(𝑢) 

where the coefficients 𝑊௜  are obtained by minimizing the mean-squared error between 𝑦ො and the desired 
output 𝑦. Because the hidden layer is not trained, a physical system can act directly as the nonlinear 
transform 𝑓system.  
 
2.2 Information Capacity 
 
Information Capacity quantifies how accurately an ELM can reconstruct a set of nonlinear basis functions 
of its inputs. Inputs 𝑢௜ are sampled from a uniform distribution on [−1,1], and we use products of Legendre 
polynomials, which form an orthonormal basis on this interval. 
 
For a basis function 𝑧(𝑢), the Information Capacity is defined as: 
 

𝐶(𝑧, 𝑋) = 1 −
𝑀𝑆𝐸∗

⟨𝑧ଶ⟩௨

 

 
Where, 𝑀𝑆𝐸∗ is the Mean Squared Error between predicted output and target output after training the output 
layer.  
 
It can be shown that the Capacity has these properties: 
 

1. Capacity values range from 0 to 1 
0 ≤  𝐶 ≤  1 

   
2. Sum of capacities over the whole basis follows: 

෍ 𝐶(𝑧௟ , 𝑋) ≤  𝑁

௅

௟ୀଵ

 

   where N is the number of readouts. 
 
3. Experimental Setup 
 

 
Figure 2: Schematic of Experimental setup. PSF: Programmable Spectral Filter, VOA: Variable Optical Attenuator, 
EDFA: Erbium Doped Fiber Amplifier, OSA: Optical Spectrum Analyzer  



 

 

To demonstrate the results, we use a photonic experimental setup. The laser spectrum is modulated using a 
programmable spectral filter (Finisar Waveshaper 4000S), amplified by an EDFA(Pritel PMFA-15), and 
propagated through an optical fiber spool(Thorlabs SMF28). The output spectrum is measured by an optical 
spectrum analyzer (Yokogawa AQ6370D). The power of the signal is controlled using a Variable Optical 
Attenuator (Thorlabs DV1550AA). After collecting the spectrum through the OSA, linear regression of 
these readouts is done on a computer to fit target output. 
The nonlinear processing in the system results from both Kerr propagation and the square-law detection of 
intensity at the OSA.  
 
4. Results 
 
4.1 Information Capacity with 2-feature inputs 

 
Figure 3: (a) Comparison of Total Information Capacity changing average power of the laser for two different lengths 
of fiber spools. (b) Total Information Capacity at different average powers compared with Machine learning accuracy 
of 2-Spirals task with a 40m fiber spool. (c) Information Capacity matrices at different powers for 40m fiber spool. 

In this section, we discuss the results of experiments conducted using only 2-feature inputs. For two-
dimensional inputs 𝑢 = {𝑢ଵ, 𝑢ଶ}, the capacities can be represented using a matrix A, where each element 
𝐴௜,௝ of the matrix corresponds to the capacity of the basis: 𝑃௜(𝑢ଵ) ⋅  𝑃௝(𝑢ଶ), where 𝑃௜  is the 𝑖௧௛ degree 
Legendre polynomial. 
The Kerr nonlinearity in optical fiber propagation can be quantified using the nonlinear phase term which 
is equal to 𝛾𝑃𝐿, where 𝛾 is the nonlinear coefficient, P is the power, and L is the length of the fiber. 
Increasing optical power or fiber length increases the Kerr nonlinear phase 𝛾𝑃𝐿, which directly enhances 
information capacity. 
Furthermore, the system is tested using a machine learning task called 2-spiral classification. This is a 
synthetic task which consists of two concentric spirals in a 2d plane. The aim is to determine which of the 
two spirals a point belongs to from its x and y coordinates. Comparing the capacities and the accuracies of 
this task, we observe that the machine learning performance is directly related to the Information capacity 
of the system. 
 
4.2 Information Capacity with 5-feature inputs 
 
In this section, we discuss the results of experiments conducted using only 5-feature inputs. When there’s 
more than 2 features, it is impossible to visualize all individual capacities together in a 2d plane efficiently. 



 

 

So here, the capacities which correspond to Legendre Polynomial-products (basis) with the same total 
degree are added together and plotted as a bar graph. 

 
Figure 4: (a) Comparison of Total Information Capacity changing average power of the laser for two different lengths 
of fiber spools. (b) Total Information Capacity at different average powers compared with Machine learning accuracy 
of dimension-reduced MNIST task with a 40m fiber spool. (c) Information Capacity bar plots at different powers for 
40m fiber spool. 

Like the 2-feature capacities, a comparison is made by changing powers and lengths, and the same 
conclusion is reached, that the Capacities increase with increasing laser power and fiber length. 
 
To test the Machine learning performance, MNIST hand-written digit recognition dataset is used. This is a 
task where the aim is to predict corresponding digits from pixels of a hand-written image of a digit. 
However, because only 5 features are considered, the dimensionality of the dataset is reduced to 5 using 
Principle Component Analysis. Like 2-features, machine learning accuracies are observed to directly 
correlate to the Information Capacity. 
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