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Abstract: Photonic principal component analysis (PCA) enables high-performance dimension-
ality reduction in wideband analog systems. In this paper, we report a photonic PCA approach
using an on-chip microring (MRR) weight bank to perform weighted addition operations on
correlated wavelength-division multiplexed (WDM) inputs. We are able to configure the MRR
weight bank with record-high accuracy and precision, and generate multi-channel correlated
input signals in a controllable manner. We also consider the realistic scenario in which the PCA
procedure remains blind to the waveforms of both the input signals and weighted addition output,
and propose a novel PCA algorithm that is able to extract principal components (PCs) solely based
on the statistical information of the weighted addition output. Our experimental demonstration
of two-channel photonic PCA produces PCs holding consistently high correspondence to those
computed by a conventional software-based PCA method. Our numerical simulation further
validates that our scheme can be generalized to high-dimensional (up to but not limited to
eight-channel) PCA with good convergence. The proposed technique could bring new solutions
to problems in microwave communications, ultrafast control, and on-chip information processing.

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

The rapid proliferation of communication networks carrying high data capacity (e.g., multiple-
input multiple-output (MIMO) systems and data centers) as well as applications requiring
fast-growing data volumes (e.g., video streaming and cloud services) are demanding faster, higher
bandwidth information processing technologies. Conventional digital electronic approaches
are facing harsh trade-offs among channel dimensionality, processing bandwidth, and energy
consumption due to the bottlenecks in analog-to-digital conversion (ADC) [1,2] and digital signal
processing (DSP) [3]. In contrast, analog photonic approaches provide fascinating alternatives to
break these limitations, especially in the field of microwave photonics [4–6], large reconfigurable
linear systems [7–9], and neuromorphic photonics [10–13].

Advances in photonic integrated circuits (PIC) further accelerate the emergence of large-scale,
high-performance, low-cost analog information processing systems such as microring (MRR)
weight banks, which combine standard photonic devices for linear computation and the enormous
information density made possible with wavelength-division multiplexing (WDM) [14]. MRRs
are favorable processing elements due to their ubiquity in PIC platforms, small footprint, and ease
of tuning through thermo-optic effect [15]. They are promising candidates for reconfigurable
weighting elements in neuromorphic photonic architectures [11,16], waveform generation [17,18],
directed logic [19], and excitable signal processing devices [20].

MRRweight banks implement a parallel matrix-vector multiplication operation called weighted
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addition, where WDM signals are individually weighted by a reconfigurable spectral filter and
detected together at a balanced photo-detector (BPD) whose electronic output represents their
sum [14,21]. Weighted addition is the fundamental multi-input, single-output function underlying
dimensionality reduction, commonly used in principal component analysis (PCA) to transform
correlated variables to uncorrelated variables called principal components (PCs). These PCs are
linear combinations of the original variables weighted by their contribution to the variance in
a particular orthogonal dimension. Data compression with minimum information loss can be
achieved by sacrificing PCs associated with smallest variances [22].
Photonic PCA is a technique of multivariate photonics: combining multivariate statistical

analysis with analog photonic processing [23, 24]. Earlier implementations of photonic PCA
required the inputs to be synchronized and periodic such that the complete waveform information
of system inputs/outputs would be available [25, 26]. In reality, however, this information
cannot be readily observed by dimension-reducing analog front-ends especially in dynamic radio
frequency (RF) scenarios. A novel PCA algorithm is thus required to replace the Hebbian learning
rule [27] used by these prior approaches (which needs the waveform information mentioned
above). The algorithms in [23, 24] and this work are based on observations of the statistical
moments of a single, reduced-dimensional output, i.e., weighted addition output.
In this work, we demonstrate a photonic PCA scheme using an on-chip MRR weight bank

instead of discrete fiber-based variable optical attenuators used in [25,26]. We adopt the feedback
control procedure [28] to configure the MRR weight bank with record-breaking accuracy and
precision, which is based only on electrical probing and robust to environmental fluctuations as
opposed to the feedforward scheme [29,30] adopted in [24,31]. We consider the realistic scenario
where it is impossible to directly observe the waveform information of the multi-channel correlated
inputs or weighted addition output [24], and contribute a novel PCA algorithm based on optimal
moment tracking that is compatible with such constrained observability. In a proof-of-concept
experiment of two-channel photonic PCA, our new approach achieves PCs holding consistently
high correspondence with those derived from a conventional software-based PCA method, and
outperforms the results obtained by fitting a model of statistical moments [24]. Our numerical
simulation further illustrates that the proposed approach can generalize to higher-dimensional
PCA (up to eight-channel in this work).

2. Methods

2.1. Device fabrication and characterization

The silicon photonic chip used in this work is shown in Fig. 1(a), which is fabricated on a
silicon-on-insulator (SOI) wafer at the Institute of Microelectronics (IME) A*STAR foundry [32].
Silicon thickness is 220 nm, and buried oxide thickness is 2 µm. Waveguides of 500 nm width
are patterned by deep ultraviolet (DUV) lithography. The MRR weight bank (in the middle)
consists of two bus waveguides that cascade four MRRs in a parallel add/drop configuration
and direct light between the MRR weight bank and corresponding TE focusing grating couplers
(on the right) [33]. These outputs are detected by an off-chip BPD. Metal vias and traces are
deposited to connect the heater contacts of MRR weight bank to electrical metal pads (on the
left). Each metal pad can be probed by a source meter to thermally tune individual MRR, while
the same ground (GND) trace are shared among MRRs to reduce the electrical I/O count.

The detailed design of each MRR is shown in Fig. 1(b), where each MRR consists of a circular
waveguide etched to a 90 nm thick pedestal that hosts the dopants. For the purpose of feedback
control via in-ring N-doped photoconductive heaters [28, 34], a 10 µm wide N doping section is
patterned to follow the MRR, 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 [35]. The
two MRRs used in our experiment have designed radii of 10.921 µm and 10.937 µm. The 0.15%
difference in their radii is to avoid collision of their as-fabricated resonances. Coupling gaps
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Fig. 1. (a) Overview of the fabricated silicon photonic chip containing a MRR weight bank.
The metal pad array (on the left) directs the electrical signal from source meter (SM) to the
MRR weight bank (in the middle), which thermally tunes the MRR optical transmission to
configure its weight. The grating coupler array (on the right) guides the optical signal into
and out of the MRR weight bank. Outputs are eventually directed to complementary ports
of an off-chip balanced photo-detector (BPD) to produce an electrical weighted addition
output. (b) Zoomed-in micrograph of a MRR with an N-doped in-ring heater. (c) Spectral
response of the MRR weight bank measured from both the THRU and DROP ports. The
MRRs are close to be critically-coupled with the bus waveguide.

between bus waveguides and MRR are 200 nm, and neighboring MRRs are separated by 108 µm.
We perform both optical and electrical characterizations on the MRR weight bank using an

optical spectrum analyzer (Apex AP2440A) and source meter (Keithley 2400). Based on the
DROP port spectral response in Fig. 1(c), the resonance peaks (λpeak) of the two MRRs used
in this work are at 1547.73 nm and 1549.24 nm, respectively. The full-width half maximum
(FWHM) of each resonance peak is 0.28 nm (i.e., 35 GHz), and thus Q factor (λpeak /FWHM)
is approximately 5500. Free spectral range (FSR) is 8.62 nm for both MRRs, so the finesse
(FSR/FWHM) is 30.79. Observing their resonance shift versus applied electrical power, we find
the thermal tuning efficiency of MRRs to be 0.15 nm/mW (i.e., 53.3 µW/GHz or 57.5 mW/FSR).

2.2. Experimental setup

The experimental setup is shown in Fig. 2(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 a pulse pattern generator (PPG,
Anritsu MP1763B) and multiplexed together at arrayed waveguide gratings (AWG). These two
distinct optical carriers then experience wavelength-dependent channel delays at a fiber Bragg
grating (FBG) array to construct partially correlated inputs. The inputs enter the IN port of the
MRR weight bank for weighting on the silicon photonic chip, which is mounted on a temperature-
controlled fiber alignment stage. The insertion loss is about 5 dB per grating coupler, and 1 dB
due to waveguide/bending loss (so round-trip loss is about 10-12 dB). The outputs at THRU and
DROP ports of the MRR weight bank are summed by a 20 GHz balanced photo-detector (BPD,
Discovery Semiconductors, Inc. DSC-R405ER). The resulting electrical output is recorded by a
sampling oscilloscope (Oscope, Tektronix DSA8300). Each N-doped heater embedded in the
MRR is driven by a source meter (SM, Keithley 2400) set in current-source, voltage-measure
mode. PPG, SMs, and Oscope are all computer-controlled by lightlab software [36].
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Fig. 2. (a) Schematic of the experimental setup for performing photonic PCA using an
on-chip MRR weight bank. DFBs: distributed feedback lasers, MZM: Mach-Zehnder
modulator, PPG: pulse pattern generator, AWG: arrayed waveguide gratings, FBG: fiber
Bragg grating, SM: source meter, MRR: microring resonator, BPD: balanced photo-detector,
Oscope: sampling oscilloscope. The synchronization (SYNC) switch toggles the Oscope
triggering state between the repeating pattern from PPG and a free-running clock at 200
kHz. (b) Two-channel weight evaluation results in the same plot format of [30]. 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. (c) Measured channel cross-correlations
versus Markov transition parameter α. Black line indicates the target value. Blue dots
represent the mean of measured channel correlations over 6 repetitions. Orange error bars
represent the standard deviation of measured channel correlations over 6 repetitions. (d)
Waveform pairs of partially correlated two-channel signals associated with 3 typical α values.

2.3. MRR weight bank control

We perform MRR weight bank calibration according to the latest feedback control procedure
introduced in [28]. Each probing SM sources electrical power to individual MRR to thermally
shift its resonance position with respect to the paired laser channel. The resonance offset
determines circulating optical power within each MRR, which is partially absorbed and results in
a photoresponse. The photoresponse, in turn, affects the conductivity of the in-ring N-doped
photoconductive heater, which can be measured by the probing SM at the same time [34]. As a
result, sensing the photoresponse electrically provides a straightforward measure of the optical
transmission of each MRR, enabling a feedback control loop for configuring MRR weights over
a continuous range of [–1, +1].
Weight control accuracy is assessed by comparing weight vectors measured through weight

decomposition [28] to target weight vectors. Figure 2(b) shows the two-channel weight evaluation
result where we calibrate the MRR weight bank with statistically independent two-channels inputs
both carrying a 2 GHz pseudo-random bit sequence (PRBS) generated by PPG. We achieve 5.2
bits (2.7% error) of accuracy (red lines) and 6.3 bits (1.3% error) of precision (blue ellipses). To
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the best of the authors’ knowledge, this is the best record on multi-channel MRR weight control
so far ( [28] reported 5.1 bits of accuracy and 5.5 bits of precision). Performance improvements
are owed to optimizations in the feedback control procedure and improved stabilization of the
chip temperature. The demonstrated accuracy exceeds the 5 bits of resolution commonly used
for weights in neuromorphic electronic systems [37].

2.4. Partially correlated two-channel inputs generation

PCA requires a way to generate pairs of signals with a controllable cross-correlation. We program
the PPG to produce a data pattern satisfying a first-order Markov process according to the method
of [24, 25]. The FBG array then transforms the temporal auto-correlation of the Markov pattern
to instantaneous cross-correlation between the two-channel signals. In our experiment, the PPG
data rate is set to be B = 1.9259 GHz (close to that used to calibrate the MRR weight bank
before), and the FBG array introduces a relative delay of ∆T = 6.75 ns between two optical
carriers. Their product of B∆T = 13.000 (meaning the inter-channel delay is an integer multiple
of the bit period), so the Markov pattern can be seeded by a 13-bit PRBS. The k th(k > 13) bit
has a 0.5 + α(bk−13 − 0.5) probability of being the same as the (k − 13)th bit, where α is the
Markov transition parameter. α determines the overall cross-correlation between the two-channel
signals, though each bit sequence initialized for a given α is unique due to the stochastic nature
of this generation process. We sweep multiple α values over the range of [–1, +1] (each with
6 pattern initializations) and measure the actual channel correlations. Figure 2(c) illustrates
the correspondence between the α values and resulting cross-correlations. The averages of the
measured channel correlations (blue dots) are close to the target values (on black line). Among
all the α values considered, the mean deviation of the measured mean from the target value is
0.04, while the mean standard deviation is 0.20. Samples of partially correlated two-channel
signals associated with 3 typical α values are provided in Fig. 2(d).

2.5. Observability control

To perform and evaluate photonic PCA performance, the signal waveforms must be switched
between observable and unobservable states [24]. We use a synchronization (SYNC) switch to
swap between two triggering conditions on the Oscope (see Fig. 2(a)). To make waveforms
unobservable, the weighted addition output is not synchronized with the Oscope, but with a
200 kHz clock (i.e., the internal clock on Oscope). Under such circumstance, the Oscope is in
free-running mode such that the weighted addition output can only be sampled at a sub-Nyquist
rate (i.e., 200 kS/s here). We will show that our photonic PCA is feasible even though we have
no useful waveform information of the weighted addition output but solely based on its statistical
properties. When waveform information is needed for the purpose of validation, the Oscope is
synchronized with the PPG in such way that the Oscope is triggered by the repeating pattern from
the PPG to synthesize the accurate waveform at a super-Nyquist sampling rate (16 GS/s here).
These cases include measuring the above channel correlation or implementing the software-based
PCA algorithm to obtain the ground truth.

3. PCA algorithm

Given the above constrained observability, we hereby propose a novel PCA algorithm that can be
fully exploited by an MRR weight bank. We notice the weighted addition operation matches
the exact intention of PCA that looks for the projection direction upon which the variance, i.e.,
the 2nd-order (central) moment, of the projected data is maximized. We therefore borrow the
projection pursuit concept [22] to search for the direction of PC vectors by continuously updating
the weight vector (set by the MRR weight bank) to the largest variance of weighted addition
output in a given subspace. We describe the detailed PCA algorithm as Algorithm 1 in Appendix
A, whose main body is a Nelder-Mead method [38] under the constraint that all the weight vectors
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Fig. 3. Schematic illustrations of weight vector updates involved in converging onto the
1st PC vector in a 2-D subspace. Three normalized weight vectors w1, w2, w3 are used
in this visualization. Their centroid is wcen = (w1 + w2 + w1)/3. Unit vectors emax, emin
represent the 1st , 2nd PC vector directions, respectively. (a)-(c) show how continuous
reflections wref = wcen + 1(wcen − wmin) have three weight vectors converge into a cone
near emax. (d)-(f) show how other operations handle special cases of the constrained N-M
to improve convergence: (d) expansion wexp = wcen + 2(wref − wcen), (e) contraction
wcon = wcen + 0.5(wmin − wcen), and (f) shrinkage wi = wmax + 0.5(wi − wmax) for
i = 1, 2, 3. See Appendix A for code implementation of the PCA algorithm.

used have unit norm (hence referred to as “constrained N-M”). This constraint is essential in a
sense that it is undesirable for the weight vector magnitude to influence the variance measurement
of weighted addition output, and weight normalization (Line 6, 18, 23, 31, 37) is imposed to
make sure this constraint is guaranteed throughout the algorithm execution.
The constrained N-M algorithm begins by initializing multiple random weight vectors

distributed on a unit sphere. Then, each iteration updates the weight vector associated with the
smallest weighted addition output variance wmin, until all the weight vectors pointing in nearly
the same direction at which point the algorithm is converged. There are four types of update
operations: reflection, expansion, contraction, and shrinkage. We illustrate in Fig. 3 how these
four operations update wmin and control the convergence of the algorithm. In most cases, as
shown in Figs. 3(a)-3(c), reflection can improve wmin by simply reversing its direction with
respect to the centroid of all weight vectors wcen. In some other special cases, improvements
can be made beyond a simple reflection. For example, Fig. 3(d) shows a further expansion
along the reflection direction may reach an even better weight vector direction; Fig. 3(e) shows a
contraction of wmin with respect to wcen can instead find a better alternative when reflection does
not lead to a better weight vector direction than current wmin. If none of reflection, expansion,
and contraction improve the variance at wmin, then a shrinkage operation, shown in Fig. 3(f), can
be applied as a last resort (shrinkage often has an impact when wcen is negligible). We achieve
good convergence if the initial simplex composed by weight vectors is large, and if we pick
the following parameters: reflection coefficient β ∼ 1, expansion coefficient γ ∼ 2, contraction
coefficient ρ ∼ 0.5, and shrinkage coefficient σ ∼ 0.5 (see Appendix B on how we obtain these
hyperparameters). The algorithm proceeds until reaching the termination condition, which is
controlled by the convergence tolerance ε gauging the proximity of weight vectors.
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4. Results

4.1. Experimental demonstration

We first present the experimental results on two-channel photonic PCA to empirically validate the
feasibility of the proposed approach. We consider 10 channel correlation values over the range of
[–1, +1] for the partially correlated two-channel inputs to the MRR weight bank. We first run the
PCA algorithm to find the PC vectors in free-running mode where SNYC switches to 200 kHz
clock, and then apply those obtained PC vectors to record the corresponding PC waveforms in
synchronized mode where SYNC switches to PPG. The obtained waveforms of both the 1st
and 2nd PCs associated with various α values are shown in Fig. 4. The red curves represent
the measured outcome of the photonic procedure, and the black curves represent the calculated
PCs via complete waveform digitization of the inputs and off-line software-based singular
value decomposition (SVD). The high correspondence between these two curves evidences the
effectiveness of our approach. Some short transients observed at the time scale of ps are mainly
due to the small channel-dependent timing differences, which the preceding inter-channel delay
(of the FBG array) does not take into account.

Table. 1 summarizes the quantitative analysis of photonic PCA performance to show the
robustness of the proposed approach. Here, for the same input corresponding to a given α
value, we run the algorithm 6 times (all with newly-initialized random weight vectors). We are
interested in the average root-mean-squared error (RMSE) between measured and calculated
PCs among all 6 runs to quantify accuracy, as well as the standard deviation (SD) of measured
PCs among all 6 runs to quantify repeatability. All obtained values are normalized to the RMS
intensity of the corresponding calculated PC. On one hand, the 1st PC has an average 5.36%
RMSE, and the 2nd PC has an average 8.43% RMSE. On the other hand, the 1st PC has an
average 2.82% SD, and the 2nd PC has an average 5.76% SD. Therefore, our photonic PCA
scheme achieves consistently high accuracy and low repeatability error throughout the range
of α values considered here. It is worth mentioning that we obtain PCs with higher accuracy
than those reported in [24] where the principal component vectors are derived from fitting the
projection-moment vs. projection-angle model. Hence, any error involved in the process of fitting

Table 1. Photonic PCA Performance Summary

α

1st PC 2nd PC
RMSE (%) SD (%) RMSE (%) SD (%)

-0.80 3.54 1.31 7.36 5.89
-0.64 3.93 1.57 6.52 8.82
-0.48 3.40 1.25 9.11 3.42
-0.32 4.27 1.01 8.42 4.03
-0.16 8.03 6.34 11.86 9.57

+0.80 4.19 2.44 6.02 6.43
+0.64 5.28 4.09 7.47 5.14
+0.48 6.72 2.88 6.92 5.27
+0.32 6.81 3.97 8.97 2.45
+0.16 7.47 3.31 11.63 6.53

AVE 5.36 2.82 8.43 5.76
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Fig. 4. Experimental PC waveforms associated with 10 typical Markov transition parameters,
α, over the range of [–1, 1]. Those found by the proposed photonic PCA procedure (red
curves) reproduce those predicted with the complete knowledge of the inputs (black curves).

the model parameters will later contribute to the error in the computed principal component
vectors. In contrast, our approach is more straightforward by directly converging to the principal
component vectors, which does not require estimation on any model parameters.
There are multiple error sources that contribute together to the PC accuracy error, some of

which can be mitigated to provide additional improvement of the above results. One particular
example is the imperfect calibration of the MRR weight bank that introduces errors to weight
values used in the proposed PCA algorithm. It results mainly from inaccurate calibration model
and thermal cross-talk between neighboring MRRs, and further enhancement on the weight
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value accuracy may come from better MRR/chip design (e.g., higher Q factor/finesse and better
thermal isolation) or taking advantage of non-thermal tuning approaches such as the one through
carrier-depletion effect [39]. Some of other errors are to some extent inevitable to our scheme.
Instances include the optical noise generated at multiple stages (e.g., DFBs, MZMs) to the
correlated inputs, and the electrical noise produced by the BPD. Improvements on these factors
would require better hardware/system implementations.

Another issue worth discussion here is that we notice an error increment from the 1st PC
to the 2nd PC. We recognize this as being consistent with the nature of learning PCs in the
sequential order. Prior works [25,26,31] did not exhibit this problem because they only show the
convergence to the 1st PC. We also acknowledge the possibility of resolving this problem by
reducing the tolerance parameter ε used in the proposed PCA algorithm. However, we need to
point out a trade-off between the convergence of PCs and the error accumulations among them.
A smaller ε results in more accurate PC results (based on our observation), but it also requires
a longer convergence time. Factors like this should be taken into account when applying the
proposed approach for real-time online PCA applications.

4.2. Numerical simulation

The above experimental demonstration of two-channel photonic PCA illustrates the effectiveness
of the proposed algorithm for proof-of-concept purpose. We restrict ourselves to a two-channel
inputs not because our method cannot be extended to higher dimensions, but because of the
implementation cost that the number of required discrete DFBs, MZMs, SMs all scale linearly
with the number of channels present. We can overcome these limitations via ongoing efforts that
aim to integrate every components aforementioned onto the same chip [40,41], though we do

Fig. 5. Numerical demonstration of the proposed PCA algorithm in higher dimensions. Left:
eight-channel inputs that are partially correlated. Right: eight PCs obtained by our approach
based on the weight addition output (red curves), matching those achieved with the complete
knowledge of the inputs (black curves).
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face a suite of technical challenges especially the one aiming for hybrid platforms interconnecting
both III-V materials and silicon [42, 43].

Here, we demonstrate through numerical simulation that the proposed photonic PCA approach
can generalize up to eight-channels. For such purpose, deflationary orthogonalization is adopted
to ensure PC vectors are orthogonal to each other. Since the operations in the constrained N-M
algorithm are all linear, the Gram-Schimidt process (Line 4 of Algorithm 1) only needs to be
performed once so that the weight vectors used to find the k th PC vector ek will remain in
the orthogonal subspace to all the previously found PC vectors e1, ..., ek−1. The left column
of Fig. 5 shows eight-channel correlated inputs; the right column shows the resulting eight
PCs. The red curves indicate the PCs derived by our PCA algorithm running solely on the
2nd-order moment information of the weighted addition output. The black curves indicate the
PCs achieved by standard SVD method based on the complete knowledge of the inputs. The
successful convergence on all eight PCs illustrates that the proposed algorithm can be generalized
to high dimensions, and is fully compatible with the online learning objective where all the PC
vectors can be found sequentially.

We make three additional observations in our numerical simulation of k-dimensional PCA.
First, the larger k tends towards, the more difficult it is to converge to the lower-order PCs. The
reason is intuitive since we are trying to locate one optimal direction in a k-dimensional subspace
such that the effective search space grows exponentially with k. Second, the number of weight
vectors needed at a given iteration of the constrained N-M algorithm is crucial to be able to
ensure a good coverage of the multi-dimensional space. We recommend the number of weight
vectors to be selected and optimized in the range of [k , 2k]. Less than k weight vectors will
potentially leave certain dimensions being neglected in the initialization process, while more
than 2k weight vectors will lead to too much probe cost in each iteration. Third, our approach
thus presents a substantial improvement over the method proposed in [24] where the maximal
weighted addition output variance is found by sweeping across the complete k-dimensional
subspace for model-based fitting. Such a practice is not scalable for high-dimensional analog
photonic processing simply because its number of probes scales with the power of k, in contrast
to our approach where the number of probes scales linearly with k.

We acknowledge there exist limitations to generalize the proposed scheme to high dimensions.
One source of scaling limitation stems from photonic weight bank hardware. Ref. [14] has
identified that a) the number of channels N is limited by resonator finesse F, and a penalty
δw = F/N related to the ability of independently tuning neighboringMRR channels is determined
to be 3.41-4.61 (for 1-pole MRR) and 1.2 (for 2-pole MRR in [44]); and that b) the aggregated
bandwidth N f is limited by resonator FSR, and a distortion penalty Dwb = FSR/N f is
measured to be 4.3 in [45]. Given these limitations, for platforms containing MRRs whose
Q-factors∼10-20k and finesse∼133, the number of channels that can be potentially supported
scales up to 32 (for 1-pole MRR weight bank) and 110 (for 2-pole MRR weight bank). These
limitations are imposed mainly because we construct our network via WDM, while there are other
forms of multiplexing, such as polarization-division multiplexing, that can potentially relieve
these limitations. Another source of scaling limitation could stem from the sequential learning
aspect of the proposed photonic PCA approach. As we have demonstrated in our experiment,
there is about 3% error increment from the 1st PC to the 2nd PC. Assuming a linear error
accumulation trend in higher order learning process, we can expect the eventual error for the k th

PC to be approximately (0.03 × k). Depending on the exact accuracy requirement for different
applications, this definitely sets a limitation on the number of PCs that can be faithfully extracted.
Thus, future research directions should focus on not only improving the accuracy of individual
PCs, but also reducing the error transfer from lower-order PCs to higher-order ones.
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5. Conclusion

In this paper, we used an on-chip MRR weight bank to project the high-dimensional signals onto a
few-dimensional representation (i.e., weighted addition operation), and set the accuracy/precision
record for configuring the MRR weight bank through the feedback control procedure. Our
prototype implementation produced inputs under controllable correlation conditions, and more
importantly, performed the photonic PCA assuming that we are ignorant of the real-time waveform
information of the correlated inputs and weighted addition output. We overcome this observability
constraint via a novel PCA algorithm that works with the pure observation of the 2nd-order
moment of the weighted addition output. The experimental demonstration of two-channel
photonic PCA achieved an average 5.36% RMSE, 2.82% SD for the 1st PC, and 8.43% RMSE,
5.76% SD for the 2nd PC. The numerical simulation on eight-channel PCA further corroborated
that our scheme can be generalized to high-dimensional scenarios. Extensions to this work
could include a high-dimensional experimental demonstration, larger-scale integration, and
convergence acceleration.
Ultimately, this wideband multivariate technique could open new domains for high speed

information processing in future communication and computing systems. In particular, it may pave
the way for advanced blind source separation (BSS) in multi-antenna systems whose performance
can greatly exceed current approaches based on digitizing ultra-redundant multi-dimensional
signals [46]. Serving as a pre-processing technique, the proposed photonic PCA will lay a solid
foundation for high-performance independent component analysis (ICA) while relieving stringent
DSP requirements (e.g., channel filtering, signal digitization, data storage, bandwidth tunability,
etc.) in wideband RF systems.

Appendix A PCA algorithm

See Algorithm 1.

Appendix B Hyperparameter optimization

We describe here how we optimized the hyperparameters used in the above PCA algorithm to
achieve the best performance in our two-channel photonic PCA experiment. Figure 6 shows
measured PC accuracy against reflection coefficient β, expansion coefficient γ, and contraction
coefficient ρ. The PC accuracy for each reflection coefficient is an average over 6 runs (as
reflection operation is called almost every time), while the PC accuracy for each expansion and
contraction coefficient is an average over 3 runs (since expansion and contraction operations
are less likely to be called compared to reflection operation). We did not obtain the result for

Fig. 6. Measured PC accuracy versus reflection coefficient β, expansion coefficient γ, and
contraction coefficient ρ in the two-channel photonic PCA experiment.
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Algorithm 1: PCA algorithm
Input: Weighted addition output y, 1st, ..., (k − 1)th PC vectors e1, ..., ek−1;
Parameters :Convergence tolerance ε , reflection coefficient β, expansion coefficient γ,

contraction coefficient ρ, shrinkage coefficient σ;
Output: k th PC vector ek;

1 Initialize n random weight vectors wi(i = 1, ..., n);
2 for i = 1 : n do
3 if k > 1 then
4 Orthogonalize wi such that wi = wi −

∑k−1
j=1 (wi

T ej)ej;
5 end if
6 Normalize wi such that |wi | = 1;
7 Apply wi to the weight bank and obtain the resulted y(wi);
8 Compute the variance of y: f (wi) = E(y2);
9 end for

10 Among f (wi)(i = 1, ..., n), find fmax = max( f (wi)), fmin = min( f (wi));
11 Set wmax = argmax( f (wi)), wmin = argmin( f (wi));
12 if | fmax − fmin | ≤ ε then
13 return ek = wmax;
14 end if
15 while | fmax − fmin | > ε do
16 Compute the centroid of all weight vectors except wmin: wcen = E(wi) (for wi , wmin);
17 Compute the reflected weight vector: wref = wcen + β(wcen − wmin);
18 Normalize wref such that |wref | = 1;
19 if fmin < f (wref) < fmax then
20 wmin = wref and update fmin, wmin;
21 else if f (wref) ≥ fmax then
22 Compute the expanded weight vector: wexp = wcen + γ(wref − wcen);
23 Normalize wexp such that |wexp | = 1;
24 if f (wref) < f (wexp) then
25 wmax = wexp and update fmax = f (wexp);
26 else
27 wmax = wref and update fmax = f (wref);
28 end if
29 else if f (wref) ≤ fmin then
30 Compute the contracted weight vector: wcon = wcen + ρ(wmin − wcen);
31 Normalize wcon such that |wcon | = 1;
32 if f (wcon) > f (wmin) then
33 wmin = wcon and update fmin, wmin;
34 else
35 for i = 1 : n do
36 Replace all weight vectors with wi = wmax + σ(wi − wmax);
37 Normalize wi such that |wi | = 1;
38 end for
39 Update fmax , fmin, and wmax, wmin;
40 end if
41 end if
42 end while
43 return ek = wmax.
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shrinkage operation because it is rarely called (but shrinkage coefficient σ = 0.5 generally
performs well in later test). These coefficients turn out to have a range of values that can result
in high PC accuracy, while those mentioned in section 3 result in the highest PC accuracy. We
obtained these results with inputs whose Markov transition parameter is α = −0.32, and they
provided consistent photonic PCA performance when later applied to all Markov transition
parameters considered.
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