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Abstract: Independent component analysis (ICA) is a general-purpose technique for analyzing
multi-dimensional data to reveal the underlying hidden factors that are maximally independent
from each other. We report the first photonic ICA on mixtures of unknown signals by employing
an on-chip microring (MRR) weight bank. The MRR weight bank performs so-called weighted
addition (i.e., multiply-accumulate) operations on the received mixtures, and outputs a single
reduced-dimensional representation of the signal of interest. We propose a novel ICA algorithm
to recover independent components solely based on the statistical information of the weighted
addition output, while remaining blind to not only the original sources but also the waveform
information of the mixtures. We investigate both channel separability and near-far problems,
and our two-channel photonic ICA experiment demonstrates our scheme holds comparable
performance with the conventional software-based ICA method. Our numerical simulation
validates the fidelity of the proposed approach, and studies noise effects to identify the operating
regime of our method. The proposed technique could open new domains for future research in
blind source separation, microwave photonics, and on-chip information processing.

© 2020 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Independent component analysis (ICA) is among the oldest representation learning algorithms
that transform the data in such a way that its latent structure can be made more visible and
accessible [1], [2]. As a classical unsupervised learning method, ICA has been widely explored
in terms of performing feature extraction [3], face recognition [4], and action recognition [5] on
digital images and videos. ICA has particularly served as the primary time-series analysis solution
to blind source separation (BSS) problems, aiming to reveal independent latent variables from the
observed multivariate (two or more) mixtures without a priori knowledge on the mixing process
[6]. Examples include successful source recovery [7] and noise removal [8] from physiological
measurements, and effective separation on speech [9] and audio signals [10].
Meanwhile, microwave communications has witnessed ever-increasing spatio-spectral uti-

lizations owing to the incipient proliferation of multi-antenna approaches (e.g., multiple-input
multiple-output (MIMO) technology) and opportunistic methods (e.g., cognitive radio) [11]. The
expansion of wireless transmissions demands new regulatory means where ICA could be the key
enforcer of necessary interference cancellation [12] and spectrummonitoring [13]. Contemporary
ICA techniques in radio-frequency (RF) systems rely heavily on front-end analog-to-digital
converters (ADCs) to sample and quantize inputs for back-end digital signal processing (DSP),
both of which are facing fundamental trade-offs among channel dimensionality, processing
bandwidth, and power consumption [14–16]. Moreover, analog electronic approaches rely on
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frequency dependent microwave electronics that exhibit poor reconfigurability and tunability
across wideband RF spectrum [17].

Lately, a photonic architecture was proposed for networking and computation on wavelength-
divisionmultiplexing (WDM) signals using standard photonic integrated circuit (PIC) components
[18]. This architecture enables a parallel matrix-vector multiplication operation called weighted
addition, where an array of microrings (MRRs) performs channel-wise weighting (i.e., spectral
filtering) on individual WDM signals while a balanced photo-detector (BPD) outputs the sum
of weighted signals on all channels [19]. The MRRs carry at least two advantages: a) they are
compact passive devices with small footprint (∼100 µm2) but holding high operational bandwidth
(>10 GHz), which enables unparalleled information density if instantiated into a dense weight
bank; b) they have wide tunability (over THz bandwidth) achieved by thermal tuning [20], which
equips them with the capability of performing frequency independent processing on arbitrary RF
signals. Therefore, MRRs have been adopted as the key reconfigurable elements in directed-logic
circuits [21], waveform generation [22], reservoir computing [23], and neuromorphic photonic
architectures [24,25].

In this paper, we present the first demonstration of photonic ICA using an on-chip MRR weight
bank to identify the underlying sources that form the basis of the observed data. Source separation
is a critical extension to our prior work on photonic principal component analysis (PCA) that
only decomposes the data to uncorrelated components [26]. We follow the methodology of
multivariate photonics assuming the waveform information of received mixtures may not be
readily available in realistic field scenarios [13,27], and demonstrate that such information
is unnecessary for ICA task but requires sophisticated front-end ADCs and additional data
storage. Instead, we propose a novel photonic ICA algorithm that is able to extract independent
components (ICs) solely based on the higher-order statistics of a single reduced-dimensional
weighted addition output. We deploy a prototype implementation consisting of an RF subsystem
that can dynamically reconfigure the mixing process of two independent sources, and a photonic
subsystem that accomplishes record-high accuracy and precision on MRR weight control. Our
proof-of-concept experiment of two-channel photonic ICA achieves performance whose accuracy
and repeatability are close to that of conventional software-based ICA method (i.e., FastICA
[28]) under different channel separability and near-far conditions. In addition, our numerical
simulation further studies how the Gaussian noise affects the performance of photonic ICA
procedure, and identifies the operating regimes where our approach holds its fidelity. Overall, the
proposed photonic ICA scheme paves the way for future research on integrated photonic systems
that could enable advanced BSS pipelines for more complicated information mixing process.

2. Theory

In this section, we provide a succinct exposition of the basic ICA theory. Our photonic ICA
scheme follows the same two-step procedure as most ICA algorithms: a preliminary whitening
and the actual ICA estimation [29].

2.1. Definition

Consider we have source matrix S where each row represents an independent time-series signal
si(t)(i = 1, . . . , n). These signals are mixed and result in the observed mixtures X = AS with
the mixing coefficients collectively placed in the mixing matrix A. ICA aims to figure out the
corresponding inverse matrix of A, called the demixing matrix A−1, such that we can retrieve the
independent sources by multiplying it with the received mixtures S̄ = A−1X = A−1AS.

2.2. Whitening using PCA

Whitening applies a whitening matrix V to transforms the mixtures such that Z = VX = VAS
is white: expectation E(ZZT) = I, where I is the identity matrix. Whitening has one of its
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straightforward solutions from PCA: V = UΣ−1/2UT, where U has principal component (PC)
vectors as its columns while diagonal matrix Σ has PC variances as its diagonal entries. Since
ICA cannot determine the power (variance) of ICs (as scaling does not break independence), it is
commonly assumed for the estimated ICs to hold E(S̄S̄T) = I. In that case, whitening successfully
reduces the ICA problem to finding an orthogonal transformation Q (i.e., a rotation) such that
S̄ = QZ = QVX = QVAS. The search for Q is easier than direct search for A−1 because there
are fewer degree of freedom.

2.3. ICA using non-Gaussianity

ICA searches for Q by drawing inspiration from the central limit theorem, which states that the
sum of independent sources is more Gaussian than any of the individual sources. It leads to a
straightforward conclusion that ICs are supposed to maximize their relative distance from the
Gaussian distribution, i.e., the non-Gaussianity. We adopt kurtosis, a fourth-order moment, as
the measurement of non-Gaussianity in this work. More specifically, given an IC estimation y,
we use its relative kurtosis to Gaussian distribution

kurt(y) = µ4(y)
σ4(y) − 3 (1)

where µ4 is the fourth-order central moment, σ is the standard deviation, and 3 is the kurtosis
of the Gaussian distribution. Our method parallels that of maximization of differential entropy
(i.e., neg-entropy) [30], but contrasts to other prior ICA studies that require the approximation of
probability distribution function of sources, including methods based on minimization of mutual
information between estimated components [2], and maximum-likelihood estimation [31].

3. Methods

The experimental setup of photonic ICA is shown in Fig. 1(a). Two distributed feedback lasers
(DFBs) generate optical carriers at 1548.52 nm and 1550.12 nm, respectively. Each optical
carrier is modulated at a Mach-Zehnder modulator (MZM) by the data pattern from an arbitrary
wave generator (AWG, Agilent 33220A) and multiplexed together at a WDM multiplexer (MUX).
The silicon photonic chip is mounted on a temperature-controlled fiber alignment stage. The
WDM signals enter the MRR weight bank at the IN port, and leave at the THRU and DROP
ports. All lights are guided onto/off the chip via TE focusing grating couplers. The insertion
loss is about 5 dB per grating coupler, and there is an 1 dB waveguide/bending loss (so insertion
loss is 10-12 dB round-trip). The outputs at THRU and DROP ports are summed off-chip by
a balanced photo-detector (BPD, Discovery Semiconductors DSC-R405ER) to enable weights
in the continous range of [-1, +1]. The resulted electrical output of BPD is recorded by a
sampling oscilloscope (Oscope, Tektronix DSA8300). Each MRR is driven by a source meter
(SM, Keithley 2400) set in current-source, voltage-measure mode. AWGs, Oscope, and SMs are
all computer-controlled by lightlab software [32].

Our silicon photonic chip was fabricated at Advanced Micro Foundry (AMF) A*STAR foundry
[34]. Silicon thickness is 220 nm, and buried oxide thickness is 2 µm. The waveguides of 500
nm width are patterned fully through to the oxide by deep ultraviolet lithography. The MRR
weight bank, as shown in Fig. 1(b), consists of ring waveguides evanescently coupled to bus
waveguides in a parallel add-drop configuration. The WDM signals enter the MRR weight bank
at the IN port, and each wavelength is directed to the THRU and DROP ports in a controllable
ratio depending on its resonance condition with the corresponding MRR. Each deposited metal
trace (at the top) can be probed by an SM, delivering the tuning current to thermally control the
resonance position of individual MRRs. The same ground trace (at the bottom) is shared among
MRRs to reduce the electrical I/O count.
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Fig. 1. (a) Schematic of the experimental setup for performing photonic ICA using an on-
chip MRR weight bank. DFB: distributed feedback laser, MZM: Mach-Zehnder modulator,
ATT: RF attenuator, AWG: arbitrary wave generator, MUX: WDM multiplexer, SM: source
meter, BPD: balanced photo-detector, Oscope: sampling oscilloscope. The synchronization
(SYNC) switch toggles the Oscope triggering state between a repeating pattern from AWG
and a free-running clock at 200 kHz. (b) Micrograph of the fabricated MRR weight bank.
MRRs are coupled with two bus waveguides that input the WDM signals at the IN port,
and output the weighted WDM signals at the THRU and DROP ports. Metal traces are
deposited to deliver the tuning current to the MRR weight bank to thermally tune the optical
transmission of MRRs to configure their weights. (c) Two-channel weight evaluation results
in the same format of [26,33]. Black grid crossings are the target weights. Red lines represent
the deviation between the target weights and the mean of measured weights over 3 repetitions.
Blue ellipses represent the standard deviation of measured weights over 3 repetitions. (d)
Example of IC sources generated by two AWGs; top: square wave with kurtosis of 2, and
bottom: sinusoidal wave with kurtosis of 1.5.

We list here some basic characterizations on the two MRRs used in this work, with more
details described in [26] as we use the same chip for both photonic PCA and ICA. The two
MRRs have radii of 10.921 µm and 10.937 µm, respectively. Their bare resonance peaks are
at 1547.73 nm and 1549.24 nm. For both MRRs, the free spectral range (FSR) is 8.62 nm and
finesse F is 30.79. The coupling gap between the bus waveguides and ring waveguide is 200
nm, and the Q factor is approximately 5500. To enable feedback control on the MRR weight
bank through in-ring photoconductive heaters [33,35], an N-doped section of 10 µm width is
patterned to follow MRRs, outside of which heavy N++ doping is used to make ohmic contacts.
Phosphorous dopant concentrations are N: 5 × 1017cm−3 and N++: 5 × 1020cm−3 as in [36]. The
thermal tuning efficiency of MRRs is measured to be 0.15 nm/mW. We perform MRR weight
bank calibration using the feedback control procedure [33], and achieve 5.7 bits of accuracy
(1.9% error, red lines) and 6.9 bits of precision (0.84% error, blue ellipses) as shown in Fig. 1(c).
Such accomplishment improves upon the latest weight accuracy/precision record (5.2 bits of
accuracy and 6.3 bits of precision) set by our recent photonic PCA work [26].
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We employ two AWGs as the independent sources in our two-channel photonic ICA experiment.
One AWG generates square wave (10 MHz) whose kurtosis is 2. The other AWG generates
sinusoidal wave (20 MHz) whose kurtosis is 1.5. Examples of IC sources are shown in Fig. 1(d),
which will be used as the ground-truth in later performance evaluation phase (with some temporal
shift for alignment purpose). These two signals are mixed by a dedicated mixer consisting of
four tunable RF attenuators (ATTs). As shown in Fig. 1(a), these four ATTs are inter-connected
in such a way that a) ATT1 and ATT3 receive the source signal from AWG1, while ATT2 and
ATT4 receive the source signal from AWG2; and that b) the outputs from ATT1 and ATT2 are
combined as the input to MZM1, while the outputs from ATT3 and ATT4 are combined as the
input to MZM2. As a result, we have an effective mixing matrix

A =

a1 a2
a3 a4

 (2)

where each mixing coefficient ai(i = 1, 2, 3, 4) represents the attenuation of corresponding ATT.
In our prototype implementation, the attenuation of each ATT is in the range of 0–12 dB, so ai is
in the range of [0.25, 1].

We also use a synchronization (SYNC) switch to swap between two triggering conditions for
the Oscope [26]. The motivation is that the input mixtures and weighted addition output are
generally not synchronized with the Oscope in field (i.e., real life) scenarios. The only way to
obtain an accurate digital waveform is to take samples in a real-time order at a real-time rate
greater than the Nyquist frequency, which relies on sophisticated front-end ADCs and DSP
systems. Instead, our photonic ICA approach treats the complete waveform information from
input mixtures as redundancy, and only requires observing certain statistical properties of the
weighted addition output produced by our simple photonic front-end (MRR weight bank plus
BPD). We emulate such constrained observability by triggering the Oscope with a 200 kHz clock
(i.e., the internal clock on Oscope) to operate it in the free-running mode such that the signal
can only be sampled at a sub-Nyquist rate (200 kS/s here). Occasionally when the waveform
information is needed, the Oscope can be synchronized with the AWGs to synthesize the accurate
waveform at a super-Nyquist sampling rate (16 GS/s here). These cases (as will be seen in later
sections) include acquiring the IC waveforms for performance evaluation, and implementing the
software-based ICA algorithm to obtain the baseline results.

4. Photonic ICA

We propose a novel photonic ICA algorithm that overcomes the above constrained observability,
and interacts with the photonic hardware to deliver ICs in a straightforward way. As shown in
Fig. 2, the MRR weight bank and BPD pair receives the WDM signals carrying the input mixtures
X, and produces the weighted addition output y = Xw by projecting X onto the subspace of
weight vector w (set at the MRR weight bank). Following the same line of thought, we may
rephrase the ICA formulation by treating A−1 as an equivalent column vector with each entry
being an IC vector ei(i = 1, . . . , n) that projects X to a particular IC basis s̄i(t) = Xei(i = 1, . . . , n).
In that case, we frame our photonic ICA approach as a variate of projection pursuit [6], where we
keep updating w until the projected representation is an optimal estimation of an IC (i.e., when
w converges to a particular ei). This approach particularly does not require estimation on any
model parameters as compared to the moment fitting algorithm recently proposed in [13].
We first apply photonic PCA [26] as a pre-processing step, where the applied weight vectors

w1, . . . ,wn converge to the PC vectors by projecting y to the subspace where the projection
variance is maximized. The main purpose of performing photonic PCA first is to obtain the
whitening matrix V to simplify the following photonic ICA. Conventional software-based ICA
algorithms would directly apply V to whiten X, and then supply the whitened mixtures VX as
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Fig. 2. Flowchart of the complete photonic ICA procedure exploiting the interaction between
the photonic hardware (MRR weight bank plus BPD) and software (photonic PCA/ICA
algorithms). First, the photonic hardware produces the weighted addition output y of the
input mixtures X. Next, the photonic PCA algorithm updates the weight vectors w1, . . . ,wn
(set at the MRR weight bank) to be the target PC vectors by maximizing the variance of
y (when switch is on 1). Finally, the photonic ICA algorithm takes the whitening matrix
V computed from photonic PCA results, and updates the weight vectors in the whitened
subspace Vw1, . . . ,Vwn to be the target IC vectors by maximizing the kurtosis of y (when
switch is on 2). Both photonic PCA and ICA algorithms require multiple iterations for
convergence. Detailed code implementations of photonic PCA can be found in [26], while
code implementations of photonic ICA can be found in Appendix A of this manuscript.

the input to the subsequent ICA procedure. Instead, we introduce V as an input argument to the
photonic ICA algorithm, so as to directly process the input mixtures rather than having to sample,
store, and replay VX. This is consistent with our efforts of performing photonic ICA without
redundant waveform information, not to mention VX expands the size of V by T/2 times here
where T is the number of samples taken at super-Nyquist rate.

4.1. ICA algorithm

We describe ICA algorithm as Algorithm 1 in Appendix A, which proceeds by first initializing
multiple weight vectors w1, ..,wn. However, the actual weight vectors applied at the MRR
weight bank now become Vw1, ..,Vwn, which will equivalently transform our ICA procedure
to the whitened subspace of the input mixtures. More importantly, these weight vectors are
constrained to have unit norm because a) the weight vector magnitude is not supposed to affect
the kurtosis measurement of the weighted addition output, and b) we are only differed from the
actual ICs by an orthogonal transformation after whitening (i.e., only the weight vector direction
matters). Therefore, weight normalization is imposed throughout the algorithm execution (where
“normalized" is used).

Our ICA pursuit algorithm borrows inspirations from the well-known Nelder-Mead method
[37], aiming to converge all the weight vectors to the target IC vector by updating the weight vector
associated with the smallest weighted addition output kurtosis at each iteration. Please refer to
Algorithm 1 for the detailed code implementations on four types of update operations available:
reflection, expansion, contraction, and shrinkage, which contribute to the final convergence
collectively. The algorithm proceeds until reaching the termination condition, which is controlled
by a convergence tolerance gauging the proximity of weight vectors. The algorithm can extract
ICs sequentially by enforcing the Gram-Schimit process (i.e., deflationary orthogonalization)
given the fact that IC vectors are orthogonal against each another (see Line 40 of Algorithm 1).
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4.2. Ill-conditioning

The difficulty of ICA problem largely depends on the mixing condition where so-called ill-
conditioning can increase the chance of non-separable ICs. In this work, we consider the
following two basic forms of ill-conditioning:
a) Low channel separability: the transmission paths for ICs are close a1/a3 ≈ a2/a4 (e.g.,

when the sources/receivers are close to each other), so that the received mixtures x1 = a1s1 + a2s2,
x2 = a3s3 + a4s4 are similar (could be differed approximately by a scaling factor). We quantify
the channel separability using the condition number of the mixing matrix A [38]

κ(A) = | |A| | · | |A−1 | | (3)

where | | · | | stands for the maximum absolute column sum. The channels are most separable
when κ(A)min = 1 (e.g., if a1/a3 = a4/a2 = ∞), and least separable when κ(A)max = ∞ (e.g., if
a1/a3 = a2/a4).
b) Near-far problem: the ratio of received power levels of ICs is high (e.g., when the desired

signal is far away while an undesired interferer is nearby). Suppose s1 is the signal of interest,
and s2 is the signal of interference. Then, we can fix the received power level of s2 while varying
the received power level of s1 by considering the following simple but illustrative mixing matrix

A =

ε 1

0 1

 (4)

where ε controls the intensity ratio between two ICs in mixture x1 = εs1 + s2. If both ICs have
equal power enter the mixer, then 20 · log10(ε) quantifies their signal-to-interference ratio (SIR)
within mixture x1.

5. Experimental results

In this section, we present the empirical results obtained from the two-channel photonic ICA
experiment, demonstrating the feasibility of the proposed algorithm and the robustness under
ill-conditioning cases above.

5.1. Channel separability case

We first present the experimental results of two-channel photonic ICA under various channel
separability conditions. Table 1 lists the effective mixing matrix (A) configured by the mixer
in the experimental setup, and their associated condition number (κ) ranging from 1 to 105.
We do not consider κ further beyond since prior ICA work has identified that κ > 10 already
corresponds to badly-conditioned mixing matrix [39]. We first run the photonic ICA algorithm
to find the IC vectors in free-running mode, and then apply those obtained IC vectors to record
the corresponding IC waveforms in synchronized mode for evaluation purpose. For the sake of
comparison, we also implement software-based ICA solution using the most popular FastICA
algorithm [28] (see Appendix B for implementation information) and report its results.
The waveforms of the received mixtures and corresponding ICs associated with 4 typical κ

values are shown in Fig. 3. On the left column, the received mixtures on both channels (RX1 and
RX2) exhibit more similarity as κ increases, meaning the two mixing channels become alike
(note how the mixtures are almost the same at κ = 21). The channel separability conditions
have a direct impact on the accuracy of recovered ICs shown on the right column, where the red
curves represent the measured outcome of photonic ICA procedure. IC1 is expected to be the
square wave, while IC2 is expected to be the sinusoidal wave. When κ is small (e.g., κ = 1 or 5),
the photonic ICA procedure can faithfully retrieve correct ICs; however, when κ is large (e.g.,
κ = 10 or 21), the photonic ICA procedure faces more difficulty of finding accurate ICs. The ICs
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Table 1. ICA Performance Under Channel Separability Conditions

Mixing
Matrix (A)

Condition
Number (κ)

SNR
(dB)

1st IC 2nd IC

FastICA PhotonicICA FastICA PhotonicICA

RMSE ± SD (%) RMSE ± SD (%) RMSE ± SD (%) RMSE ± SD (%)[
1 0
0 1

]
1 22.70 8.04 ± 0.06 8.72 ± 0.23 7.80 ± 0.08 7.97 ± 0.13[

0.8 0.4
0.4 0.9

]
3 21.03 14.38 ± 0.09 14.65 ± 1.46 15.93 ± 0.10 17.88 ± 1.17[

0.8 0.5
0.6 0.9

]
5 21.88 21.04 ± 0.11 22.63 ± 1.51 22.45 ± 0.24 24.02 ± 0.99[

0.8 0.6
0.5 0.7

]
7 21.22 26.46 ± 0.15 28.03 ± 2.32 28.52 ± 0.16 29.07 ± 2.11[

0.7 0.5
0.7 0.8

]
10 21.38 30.61 ± 0.17 34.57 ± 2.36 32.60 ± 0.39 35.89 ± 2.07[

0.7 0.8
0.4 0.6

]
21 22.19 36.43 ± 0.24 40.78 ± 3.27 38.13 ± 0.81 39.58 ± 3.16[

0.8 0.7
0.5 0.4

]
65 22.14 44.71 ± 0.39 47.38 ± 3.66 46.88 ± 1.29 50.76 ± 3.91[

0.8 0.7
0.6 0.5

]
105 22.12 54.60 ± 0.64 58.58 ± 4.14 58.07 ± 1.81 61.35 ± 4.05

recovered by FastICA are plotted as black curves in parallel to demonstrate such difficulty results
from the worsening of channel separability rather than the algorithm itself.

Table 1 summarizes quantitative photonic ICA performance under various channel separability
conditions. For each κ value, we run the algorithm 6 times (all with newly-initialized random
weight vectors) to study the robustness of the proposed approach. We are interested in a) the
average root-mean-squared error (RMSE) between measured and ground-truth ICs among all 6
runs to quantify accuracy, and b) the standard deviation (SD) of measured ICs among all 6 runs
to quantify repeatability. All values are obtained when both the measured and ground-truth ICs
are temporally aligned and normalized to unit power (the scale of ICs does not matter in ICA
problem). We also report the results of FastICA algorithm in the table.
While the accuracy of both FastICA and photonic ICA degrades with the increase of κ, their

performance difference is limited throughout the κ values considered here. For the best case of
κ = 1, photonic ICA achieves almost the same performance as FastICA, both claiming about
8% RMSE. For the worst case of κ = 105, both their RMSEs are over 50% with photonic ICA
having about 4% more error than FastICA. The low accuracy of ICs at large κ stems directly
from the inherent difficulty of decomposing two almost the same linear combinations into two
different components. This difficulty holds even if the demixer has the full access to the mixing
matrix, and the lack of knowledge on the mixing matrix in ICA settings only makes it worse.

The repeatability of both FastICA and photonic ICA worsens with respect to the increase of κ
as well. However, the SDs of FastICA are mostly small (less than 1% for IC1, less than 2% for
IC2), due to the comparatively invariant input mixtures sampled under super-Nyquist rate. In
contrast, the SDs of photonic ICA express less stability. From the best case of κ = 1 to the worst
case of κ = 105, the SD increases by about 4% for both ICs. We do not attribute this uncertainty
to our statistics-based photonic ICA approach itself as [13] has demonstrated the histogram of
weighted addition output are identical regardless of whether it is sampled under super-Nyquist
rate or sub-Nyquist rate. Instead, the errors originate from our prototype photonic subsystem,
particularly the instability of MRR weight bank that oversees the drifting of weights over time
(we will have more discussions later about the reasons behind this phenomenon).
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Fig. 3. Experimental waveforms of the received mixtures (left column) and corresponding
ICs (right column) associated with 4 typical condition numbers of the mixing matrix: (a)
κ = 1, (b) κ = 5, (c) κ = 10, (d) κ = 21. The degradation of channel separability conditions
(from top to bottom) makes it more difficult for FastICA (black curves) and PhotonicICA
(red curves) to retrieve correct ICs.
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5.2. Near-far case

We next present the experimental results of two-channel photonic ICA under various near-
far conditions. Table 2 lists the effective mixing matrix (A) configured by the mixer in the
experimental setup, with ε ranging from +1.5 to -0.25. Here, we pick the square wave as signal of
interest s1 (i.e., far source), and the sinusoidal wave as signal of interference s2 (i.e., near source).
By setting them to have the same output power from AWGs, the SIR of these two sources in
mixture r1 = εs1 + s2 is in the range of 0 dB to −12.04 dB. The special case of SIR= 3.52 dB
(top row) results from having the output power of AWG1 3.52 dB higher than that of AWG2
while keeping ε = 1. We follow the same procedure of previous channel separability case by
first running the photonic ICA algorithm to find the IC vectors in free-running mode, and then
applying those obtained IC vectors to record the corresponding IC waveforms in synchronized
mode for evaluation.

Table 2. ICA Performance Under Near-far Conditions

Mixing
Matrix (A) SIR (dB) SNR

(dB)

1st IC (far source) 2nd IC (near source)

FastICA PhotonicICA FastICA PhotonicICA

RMSE ± SD (%) RMSE ± SD (%) RMSE ± SD (%) RMSE ± SD (%)[
1.5 1
0 1

]
3.52 23.26 8.91 ± 0.05 9.27 ± 0.67 9.34 ± 0.09 10.14 ± 0.48[

1.0 1
0 1

]
0 22.23 13.24 ± 0.14 14.72 ± 0.96 10.13 ± 0.10 11.03 ± 1.25[

0.8 1
0 1

]
−1.94 22.12 19.49 ± 0.10 21.57 ± 1.78 11.93 ± 0.13 12.13 ± 1.56[

0.6 1
0 1

]
−4.44 20.60 25.27 ± 0.13 28.46 ± 2.54 11.98 ± 0.19 12.65 ± 1.72[

0.5 1
0 1

]
−6.02 21.32 32.65 ± 0.16 35.41 ± 2.83 11.91 ± 0.15 13.59 ± 1.56[

0.4 1
0 1

]
−7.96 21.56 38.80 ± 0.31 41.95 ± 3.41 11.77 ± 0.14 13.67 ± 1.97[

0.3 1
0 1

]
−10.46 21.32 45.71 ± 0.56 49.01 ± 3.06 10.83 ± 0.13 12.29 ± 1.09[

0.25 1
0 1

]
−12.04 21.10 50.14 ± 0.83 54.93 ± 4.27 10.77 ± 0.15 11.19 ± 1.31

The waveforms of the received mixtures and corresponding ICs associated with 4 typical
SIR values are shown in Fig. 4. On the left column, the received mixture on channel RX1 is a
combination of both sources, while the received mixture on channel RX2 is the pure sinusoidal
wave (given A used here). RX1 exhibits more similarity with the sinusoidal wave as SIR increases,
since the power contribution of the square wave gradually diminishes from RX1. The impact
of near-far conditions on recovered ICs is shown on the right column, where we are especially
concerned with the recovery of square wave (IC1). When SIR is high (e.g., SIR= 0 dB or −4.44
dB), the photonic ICA procedure may faithfully retrieve correct IC1; however, when SIR is low
(e.g., SIR = −7.96 dB or −12.04 dB), the photonic ICA procedure faces more difficulty of finding
accurate IC1. The FastICA faces the same difficulty as in the black curves. The recovery of
sinusoidal wave (IC2) is largely successful regardless of SIR values, because the final projection
onto IC directions always involves a copy of its ground-truth on RX2.

Table 2 summarizes quantitative photonic ICA performance under various near-far conditions.
Likewise, we run the algorithm 6 times for the same SIR value to obtain the average RMSE
between measured and ground-truth ICs among all 6 runs, as well as the SD of measured ICs
among all 6 runs. All values are obtained when both the measured and ground-truth ICs are
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Fig. 4. Experimental waveforms of the received mixtures (left column) and corresponding
ICs (right column) associated with 4 typical power ratios of the received power levels of ICs:
(a) SIR = 0 dB, (b) SIR = −4.44 dB, (c) SIR = −7.96 dB, (d) SIR = −12.04 dB. Here, the
square wave is the signal of interest (i.e., far source), while the sinusoidal wave is the signal
of interference (i.e., near source). The decrease of the SIR (from top to bottom) makes it
more difficult for FastICA (black curves, IC1) and PhotonicICA (red curves, IC1) to retrieve
square waves. The recovery of sinusoidal wave (IC2) is largely successful thanks to the pure
copy of it on the second mixture channel (RX2).
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temporally aligned and normalized to unit power. We also report the results of FastICA algorithm
in the table. Thanks to the additional copy of sinusoidal wave on RX2, we first notice that IC2
maintains stable performance across SIR values considered. The RMSEs of IC2 are less than
12% and 14% for FastICA and photonic ICA, respectively. The SDs of FastICA are limited to be
less than 0.2%, while the SDs of photonic ICA are controlled below 2%.

As for the IC1 performance, the first row with positive SIR considers an exceptional case with
more power of IC1 than that of IC2 in the received mixtures. Hence, the square wave (signal of
interest) tends to be recognized with less difficulty, as evidenced by less than 10% RMSEs and
less than 1% SDs measured for IC1 of both schemes. The second row with SIR = 0 dB can
be treated as the base case where the received power levels are equal for both ICs. Under such
circumstance, the photonic ICA approach realizes an RMSE that is only about 1% higher than
that of FastICA. The rows below the base case with negative SIRs all put IC1 at a disadvantageous
position of having less power than that of IC2 in the received mixtures. This certainly challenges
the demixing mechanism to extract the lower power IC1 buried beneath the high power IC2, and
both methods result in over 50% RMSEs when SIR = −12.04 dB. While FastICA faces the same
accuracy deterioration along with the decrease of SIR, its SD performance (generally less than
1%) is better than that of photonic ICA (raised to over 4% when SIR = −12.04 dB), due to the
weight drifting problem mentioned before.

6. Numerical results

The above experimental demonstration of two-channel photonic ICA illustrates the effectiveness
of the proposed approach for proof-of-concept purpose. In this section, we demonstrate numerical
results that identify the fundamental operating regime of the photonic ICA approach under more
comprehensive mixing conditions (e.g., the effect of noise, higher κ or lower ε) that are difficult
to control/achieve in real experiment.

One issue we have not discussed but plays a critical role in ICA is the effect of noise, especially
the Gaussian noise that can greatly reduce the non-Gaussianity of ICs. From the mathematical
perspective, the noise effect fits the simple ICA model by adding an extra noise term to the noise-
free mixtures: X = AS + N, where N contains noise components for individual mixing channel.
In our numerical simulation, we emulate the channel noise using the Gaussian distribution with
zero mean and varying variance, since the Gaussian noise dominates in most transmission media
[40]. Here, we define the signal-to-noise ratio (SNR) as the power ratio between the two terms of
the received mixtures, and present the photonic ICA performance taking into consideration a
wide range of SNR values in Fig. 5. We simulate with the same sources as our experimental
demonstration, i.e., one square wave and one sinusoidal wave. It is worth mentioning that we
also run FastICA in parallel and its results turn out to overlap with those of our photonic ICA
algorithm (so we don’t show separate figures), which once again validates the fidelity of the
proposed approach.
Figure 5(a) shows how channel noise affects the RMSE versus κ ranging from 1 to 1000

(our experiment only reaches about 100), where we make the following observations: a) The
amount of noise defines the lower bound of RMSE the demixer is able to deliver (when κ = 1),
e.g., RMSE is about 3% for SNR= 30 dB. This is because the Gaussian noise corrupts the
non-Gaussianity of ICs by bringing the IC kurtosis closer to Gaussian (and thus making it difficult
for ICA algorithm to converge on its maximum). It also explains why ICs could still hold about
8% RMSE in our experiment (top row in Table 1), even if the channel separability condition is
optimal. b) The channel noise dominates the ICA performance when SNR is low. As can be
seen from those low SNR curves, the RMSE only has small changes when κ < 10 and saturate
beyond κ > 10. For the extreme case of SNR= 0 dB, the RMSE behaves as if it is not affected
by κ value at all by fluctuating around 80% throughout the κ range considered. c) The channel
separability condition dominates the ICA performance when SNR is high. Those high SNR
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Fig. 5. Numerical investigations of the photonic ICA performance considering the channel
noise added in the mixing process. Curves associated with 7 typical SNR values between 0
dB and 30 dB are displayed to show the noise effect on: (a) RMSE versus κ ranging from 1
to 1000. The red asterisks represent our experimental data of channel separability conditions
whose SNR range is between 21 dB and 23 dB. The label next to each asterisk stands for
the corresponding κ value. (b) RMSE versus SIR ranging from -20 dB to 5 dB. The red
asterisks represent our experimental data of near-far conditions whose SNR range is between
20 dB and 24 dB. The label next to each asterisk stands for the corresponding SIR value.

curves witness a clear RMSE degradation with the increase of κ, e.g., RMSE increases from
3% to 50% for SNR= 30 dB. We also plot our discrete experimental points (RMSE of IC1) of
channel separability case whose SNR values (third column in Table 1) are between 21 dB and 23
dB, and notice most of these points locate between SNR curves of 20 dB and 25 dB.

Figure 5(b) shows how channel noise affects the RMSE versus SIR ranging from -20 dB to 5 dB
(our experiment only reaches about -12 dB). The major takeaway is that the channel noise itself
can act as an additional source of interference. For low SNR curves, the channel noise acts as the
dominating signal of interference, and leads to ultra-high RMSE even if SIR value is positive.
For high SNR curves, the channel noise may still serve as a contributing factor of interference if
its power is comparable to that of the actual signal. For example, the green curve of SNR= 20
dB has 100% RMSE at SIR=−20 dB. This is because the signal of interest shares equal power
level as the channel noise at this point, which makes it difficult for the demixing mechanism to
distinguish one from another. We also plot our discrete experimental points (RMSE of IC1) of
near-far case whose SNR values (third column in Table 2) are between 20 dB and 24 dB, which
illustrates a good fitting between SNR curves of 20 dB and 25 dB.
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Overall, our numerical simulation identifies the operating regime of our photonic ICA approach,
which provides useful guidance on estimating what degree of IC accuracy to expect given different
channel noise levels, channel separabilities and near-far conditions.

7. Discussion

We have demonstrated the first photonic ICA experiment using an on-chip MRR weight bank.
There is room for improvements in both accuracy and repeatability. The performance gap
between photonic ICA and FastICA is due to: a) the additional system noise generated by the
photonic subsystem, including the optical noise generated at DFBs, MZMs, and the electrical
noise produced by the BPD; and b) the signal degradation caused by insertion loss to the chip,
which can be improved by integrating laser sources, modulator, and detectors together with the
MRR weight bank [41,42]. However, this would face a suite of technical challenges especially
the ones aiming for hybrid platforms interconnecting both III-V materials and silicon [43,44].

In terms of repeatability deficiency of photonic ICA, the weight drifting at MRR weight bank
is the major challenge that needs to be addressed. While we have demonstrated, to the best of our
knowledge, the highest weight accuracy/precision achieved on MRR weight banks, maintaining
the weights at an acceptable level over a reasonable period of time can still be challenging when
it comes to control an analog weighting element. The main reasons behind weight drifting are
two-fold: a) cross-talk between neighboring MRRs where the channel power from one MRR
may leak into another as MRRs are only close to be critically-coupled with the bus waveguide in
practice; and b) thermal fluctuations that cannot be completely prevented by the temperature
controller as we keep sourcing current to the on-chip heating elements to reconfigure the MRR
weight bank. The former issue is likely to find its solution from optimizing the MRR design with
higher Q factor/finesse. The latter issue can be addressed by better weight locking mechanisms
such as the one through phase change material [45], or switching to other non-thermal tuning
approaches such as the one through carrier-depletion effect [46].
In this work, we restrict ourselves to two-channel mixing-demixing process not because our

method cannot be extended to higher dimensions, but because the two-channel photonic ICA is
the base case for higher dimensional photonic ICA scheme. The successful demonstration of a
two-channel photonic ICA suffice proof-of-principle purpose, and makes the extension to higher
dimensions straightforward (numerically speaking, [26] has demonstrated that similar pursuit
algorithm can scale up to at least 8 channels). Another reason behind our focus on two-channel
photonic ICA originates from the implementation cost that the number of required discrete DFBs,
MZMs, SMs all scale linearly with the number of channels present. We can overcome such
limitation via ongoing efforts that aim to integrate every components aforementioned onto the
same chip.
We also acknowledge it is not practical to generalize our scheme to arbitrary dimensions due

to the following scaling limitations. The first limitation stems from photonic weight bank itself
since both the resonator finesse F and free spectral range FSR limits the number of channels N.
For example, for platforms containing MRRs whose Q-factors is 10-20k and finesse is 133, N
is estimated to be upper bounded at 32 for 1-pole MRR weight bank and 110 for 2-pole MRR
weight bank [19,47,48]. These limitations are imposed mainly because our implementation is
based on WDM, while other forms of multiplexing (e.g., polarization-division multiplexing) can
potentially relieve these restrictions. Another limitation stems from the proposed photonic ICA
algorithm that learns ICs in the decremental order of kurtosis. In general, there exists an error
increment from lower-order IC to higher-order IC; for example, the error difference between IC1
and IC2 is around 0-3% in our two-channel photonic ICA experiment under various channel
separability conditions. We observe the possibility of mitigating this problem by reducing
the tolerance parameter used in the ICA algorithm. However, there is a trade-off between the
convergence time and the error accumulations among ICs, and trade-offs like this should be taken
into account when applying the proposed approach for real-time ICA applications.
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Algorithm 1: ICA algorithm
Input: weighted addition output y; whitening matrix V;
Parameters :convergence tolerance ε , reflection coefficient β, expansion coefficient γ,

contraction coefficient ρ, shrinkage coefficient σ;
Output: IC vectors e1 and e2;

1 initialize n normalized random weight vectors wi(i = 1, ..., n);
2 for i = 1 : n do
3 compute the normalized whitened weight vectors vi = Vwi;
4 apply vi to the weight bank and obtain the resulted y(vi);
5 compute the objective function, i.e., the kurtosis of y: f (wi) = kurt(y4(vi));
6 end for
7 among f (wi)(i = 1, ..., n), find fmax = max(f (wi)), fmin = min(f (wi));
8 set wmax = argmax(f (wi)), wmin = argmin(f (wi));
9 if |fmax − fmin | ≤ ε then

10 return e1 = wmax, e2 = eT
1 ;

11 end if
12 while |fmax − fmin |>ε do
13 compute the centroid of all weight vectors: wcen = E(wi);
14 compute the normalized reflected weight vector: wref = wcen + β(wcen − wmin);
15 compute the normalized whitened reflected weight vector: vref = Vwref ;
16 if fmin<f (wref) = kurt(y4(vref))<fmax then
17 wmin = wref and update fmin, wmin;
18 else if f (wref) ≥ fmax then
19 compute the normalized expanded weight vector: wexp = wcen + γ(wref − wcen);
20 compute the normalized whitened expanded weight vector: vexp = Vwexp;
21 if f (wref)<f (wexp) = kurt(y4(vexp)) then
22 wmax = wexp and update fmax = f (wexp);
23 else
24 wmax = wref and update fmax = f (wref);
25 end if
26 else if f (wref) ≤ fmin then
27 compute the normalized contracted weight vector: wcon = wcen + ρ(wmin − wcen);
28 compute the normalized whitened contracted weight vector: vcon = Vwcon;
29 if f (wcon) = kurt(y4(vcon))>f (wmin) then
30 wmin = wcon and update fmin, wmin;
31 else
32 for i = 1 : n do
33 replace with normalized weight vector wi = wmax + σ(wi − wmax);
34 compute the normalized whitened weight vector vi = Vwi;
35 end for
36 update fmax, fmin, and wmax, wmin;
37 end if
38 end if
39 end while
40 return e1 = wmax, e2 = eT

1 .
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8. Conclusion

In this paper, we used an on-chip MRR weight bank to project the multi-dimensional signals
onto a single-dimensional representation i.e., the weighted addition operation. Our prototype
implementation produced mixtures under controllable conditions, and set a new record of 5.7 bits
of accuracy and 6.9 bits of precision for controlling the MRR weight bank. More importantly, we
performed photonic ICA assuming that we are ignorant of the real-time waveform information
of the input mixtures and weighted addition output. We overcome this observability constraint
via a novel ICA algorithm that works with the pure observation of the kurtosis measurement of
the weighted addition output. We carried out two-channel photonic ICA experiment to study its
performance under various channel separability and near-far conditions, which is close to the
results of software-based FastICA method. The numerical simulation further corroborated the
feasibility of our scheme, and identified the operating regime of photonic ICA given different
noise effects.

This work can be significantly extended to include high-dimensional experimental demonstra-
tion, larger-scale integration, and convergence acceleration. In terms of enabling advanced BSS
techniques in particular, we would need to test our approach in conjunction with multi-antenna
systems transmitting RF signals over the air. The goal would be to outperform current approaches
that rely on digitizing ultra-redundant multi-dimensional signals, and lack the tunability across
multi-frequency bands (desired by most wide-band RF systems) [49].

Appendix A: ICA algorithm

See Algorithm 1.

Appendix B: FastICA implementation

We use the sklearn.decomposition.fastICA method of Python scikit-learn package to implement
FastICA. For fair comparison, we assign the customized fourth-order moment as the ’fun’
argument such that the algorithm will use kurtosis in its optimization.
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