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It is believed that neural information representation and processing relies on the neural population instead of a
single neuron. In neuromorphic photonics, photonic neurons in the form of nonlinear responses have been ex-
tensively studied in single devices and temporal nodes. However, to construct a photonic neural population
(PNP), the process of scaling up and massive interconnections remain challenging considering the physical com-
plexity and response latency. Here, we propose a comb-based PNP interconnected by carrier coupling with supe-
rior scalability. Two unique properties of neural population are theoretically and experimentally demonstrated in
the comb-based PNP, including nonlinear response curves and population activities coding. A classification task
of three input patterns with dual radio-frequency (RF) tones is successfully implemented in a time-efficient man-
ner, which allows the comb-based PNP to make effective use of the ultra-broad bandwidth of photonics for
parallel and nonlinear processing. © 2021 Chinese Laser Press

https://doi.org/10.1364/PRJ.437798

1. INTRODUCTION

Increasing evidence in neuroscience supports that the neural
population plays a critical role in robust information represen-
tation, communication, and processing [1]. As an ensemble of
neurons and synaptic interconnections, it provides a deeper
understanding of the dependence between global functions
and elementary details. The neural population features the
nonlinear response curve of individual neurons (i.e., bell-shape
tuning curves or Gaussian receptive fields) and activities coding
at population level [2]. The former reveals that a neuron is in-
terested in a part of the input range and responds to it in a
distributed and nonlinear way [3]. The latter indicates popu-
lation activities constructed by these responses can be regarded
as state variables corresponding to input patterns [4]. In recent
years, the advances in electronic neuromorphic computing in-
dicate the way for these properties to support population-based
information processing [5]. Required nonlinear responses are
built up by the weighted sum of a set of superparamagnetic
basic functions that agree well with the bell-shape tuning curves
[6]. The input vowel patterns can be mapped onto the popu-
lation activities of four coupled spin-torque nano-oscillators for
efficient recognition [7]. Generally, the scalability and intercon-
nection of neurons are prerequisites for accessing a population-
based information processing.

However, it remains challenging to achieve a photonic neu-
ral population (PNP) equipped with nonlinear response curves

and efficient population coding. In neuromorphic photonics,
the unique advantages of broad bandwidth and low power con-
sumption have dominated high-speed and massively parallel
linear computations (i.e., synaptic weighting) [8]. Numerous
studies also focus on the implementations of nonlinear compu-
tations (i.e., the neuron activation) based on single devices or
temporal nodes, as illustrated in Fig. 1(a) [20]. Specifically, we
attribute the challenge of establishing a PNP to the physical
complexity, response latency, and reconfigurability. First, the
complicated implementation of a single-device-based photonic
neuron limits the scalability and interconnection, for example,
schemes with a laser [9–14], a modulator [15], and a resonator
[16,17]. Second, the scaling up of a temporal photonic neuron
introduces unwanted response latency, which may counteract
the advantages of a PNP for high-speed processing [18,19].
Third, the reconfigurability of a PNP is critical for broad
processing tasks, which is challenging for the photonic neurons
based on the embedded nonlinear material with fixed topol-
ogy [21].

Here, we propose a comb-based PNP to enable a
population-based scheme for parallel and nonlinear processing.
The comparison of the comb-based PNP and its biological
counterpart is conceptually illustrated in Figs. 1(b) and 1(c). It
is observed that an injected optical frequency comb (OFC) fea-
tures inverse bell-shape nonlinear responses to input frequency
components and that they are reconfigurable through the OFC
parameters. Therefore, these distributed responses support a
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high-dimensional representation of complex input patterns
through the comb power distribution (i.e., population activ-
ities). It is experimentally indicated that the interconnection
between the comb neurons is naturally provided by the carrier
coupling. It is found that the lateral inhibition enhances the
response nonlinearity and leads to a unique population activity.
We also implement a classification task of three input patterns
with dual radio-frequency (RF) tones. The distinct population
activities of the comb-based PNP can be efficiently read out for
classification. For the comb-based PNP, the inherent broad
bandwidth of photonics ensures superior scalability and the
ability of nonlinear processing of RF input patterns in a time-
efficient manner compared to other neuromorphic and conven-
tional photonics-assisted paradigms [22].

2. METHODS

A. Theory
The comb-based PNP includes population generation, parallel
processing, and population activity reading out, corresponding
to the implementation of a dual-OFC generation, the injected
OFC to interact with the input, and a beat process for the dual-
OFC, respectively. The scalability and tunability of the OFC
[23] help with the flexible control of the PNP properties at
both a neuron level (e.g., initial comb power) and a population
level (e.g., comb spacing). The monitoring of the population
activities benefits from the introduction of another coherent
OFC [24] and a beat process. The process is described below.
First, the electro-optical dual-OFC is prepared at a comb spac-
ing of f 1 and f 2 with a slight frequency difference of Δf and a
comb number of Nc. One of the OFCs undergoes a frequency

shift operation of f 0 to make use of all available combs as state
variables in the later beat process. Second, the frequency-shifted
OFC is injected to a distributed-feedback laser diode (DFB-
LD) with a central wavelength at λ0 and the detuning frequency
is denoted as f detu. The input frequency at f in is modulated on
the pump current of the DFB-LD. Lastly, the output of the
DFB-LD is coupled with the other OFCs for a beat process in
a photodetector (PD). The beat note powers at f 0 � h · Δf (h
is a natural number) are monitored as signatures of the intensity
of injected combs, whose distribution has been changed by
input frequency.

The injection dynamics of an OFC to semiconductor lasers
(SLs) dependent on various injection ratios and detuning
frequencies was theoretically and experimentally investigated
[25,26]. We concentrate on the effect of input frequency on
the comb power under different configurations of the OFC
and DFB-LD. A theoretical model with a modified term of
pump current is used for the numerical simulation (see
Appendix A). In the optical cavity, the injected OFC and input
frequency act as two sources of carrier modulation to drive the
resonance of the output optical field. As a result, they interact
with each other through carrier coupling, leading to an input-
frequency-dependent variation of the comb power. In numeri-
cal investigations, we apply a scanning input frequency and
record the comb power to study the shape and width of the
response curve, which are related to the DFB-LD bias current,
the input RF power, and the initial comb power (see
Appendix B). Furthermore, we simulate the responses of 15
comb powers to four complex input patterns with 15 frequency
tones to demonstrate the representation and classification

Fig. 1. Conceptual illustrations of conventional photonic neurons, biological neural population, and the proposed comb-based photonic neural
population (PNP). (a) Existing photonic neurons scale up in the spatial domain or temporal domain at the cost of physical complexity or response
latency. The former is based on a single structure or devices, such as lasers [9–14], modulators [15], and resonators [16,17]. The latter relies on the
temporal nodes, such as in reservoir computing [18] and optical pulses in an Ising machine [19]. (b) Schematic of the biological neural population
with an input of motion direction. The neurons respond to different parts of the input range in a distributed manner (known as the bell-shape tuning
curves). Complex input patterns can be represented by neural population coding and classified by an efficient readout process. (c) The proposed
comb-based PNP. An injected optical frequency comb (OFC) can nonlinearly respond to input patterns in the frequency domain. Photonic tuning
curves and comb power coding are exploited for processing complex input patterns. The comb powers can be obtained by a one-time readout, which
ensures a low response latency.
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ability of the comb-based PNP (see Appendix C). To investi-
gate the comb power distributions of similar input frequencies,
the actual input frequencies consist of accurate frequencies and
a random variation value.

B. Experimental Demonstration
The experimental setup of the comb-based PNP is presented in
Fig. 2. A schematic of the PNP is shown on the upper side.
The node colors of different layers are in accordance with the
background color of experimental stages on the lower side. The
PNP is generated by an electro-optical dual-OFC scheme,
where the output of a narrow-linewidth continuous-wave laser
(CW, TLG-200, Alnair Labs) is split into two branches to be
respectively modulated through phase modulators (PMs, PM-
0K5-10-PFA-PFA, EOspace). Then the central wavelength of
one OFC is shifted for 100 MHz by an acousto-optical modu-
lator (AOM, SGTF100-1550-1, Smart Sci and Tech). Using
two phase-locked RF channels of a signal generator (N5183B,
Keysight), the modulation frequencies denoted as f 1 and f 2

correspond to the dual-comb spacings and are set as the upper
limit of the response curve width of a single comb neuron. Note
that more combs can be obtained to enlarge the PNP through a
larger output power of RF signals by low-noise amplifiers
(LNA-3035 and LNA-3020, RF Bay) or more complex archi-
tectures with cascaded modulators [28]. Consequently, the
comb spacing and number can be flexibly tuned for different
response coverages of the comb-based PNP. As discussed later,
the flatness of the OFC is unnecessary since the initial comb
power can influence the response curve width (e.g., biological
neurons with diverse areas of receptive fields).

The frequency-shifted OFC is injected into a DFB-LD (T-
20-550-B-07#G, Henan Shijia) with no optical isolator at the
output port through an optical circulator and a polarization
controller (PC). A DFB-LD with a modulation bandwidth
of 20 GHz is provided for input RF signals. As a result, the
carrier coupling provides the inter-layer connection (i.e., layer

i and layer ii) and the intra-layer connection (i.e., inside layer i).
It is known that both the optical injection and direct modula-
tion can introduce a redshift of the central wavelength of the
DFB-LD, which is dependent on the injection power or
modulation depth [29]. Hence, a relatively low input power
(SMA-100B, Rohde and Schwarz) can reduce the effect of
the unwanted detuning wavelength. Another advantage is the
elimination of modulation harmonics, which may disturb
the distributed response of the comb neuron. The output of the
DFB-LD is divided into two parts for monitoring by an optical
spectrum analyzer (OSA, AQ6370C, Yokogawa) and coupling
with the other OFC for heterodyne interference, respectively.
The electric signal of a 500 MHz PD (FS-PD-B-2030,
Fsphotonics) laid after the heterodyne interference is moni-
tored by an electrical spectrum analyzer (ESA, Rohde and
Schwarz) centered at 100 MHz (i.e., the shifted frequency
by the AOM) with a 500 Hz resolution bandwidth for the read-
out of the comb power variation through the beat notes at
100� h · Δf �MHz� (i.e., the connection between layers
i and iii).

Given that the CW laser and DFB-LD operate independ-
ently with noise and temperature drift, it is critical to keep their
detuning frequency (i.e., f detu) stable versus time. A pre-
calibration method is implemented to introduce an increment
of the comb power at the lowest sideband as an indication of
f detu (see Appendix D). This method facilitates the monitoring
and controlling of the f detu for a reliable response range of the
comb-based PNP.

3. RESULTS

A. Photonic Tuning Curve of Comb Neurons
The responses of a comb neuron to a single input frequency are
given in Fig. 3. The CW laser is centered at the red-side of
the DFB-LD with a wavelength difference of 0.1 nm and
an optical output of 15 dBm. We apply a 25 dBm RF power

Fig. 2. Experimental setup and corresponding schematic of the comb-based PNP. On the upper side, the input layer connects to the PNP layer by
carrier coupling. The gain competition inside the PNP resembles the lateral inhibition connection in the biological counterpart [27]. The output
layer represents the beat notes for the PNP activities monitoring. On the lower side, an electro-optical dual-OFC with slightly different comb
spacings is generated by parallel PMs. The frequency-shifted OFC is optically injected into a DFB-LD and the PC is used for injection efficiency
optimization. The output of the DFB-LD is monitored by an OSA and then detected in a low-speed PD with the other OFC. CW, continuous-wave
laser; PM, phase modulator; AOM, acousto-optical modulator; PC, polarization controller; DFB-LD, distributed-feedback laser diode; OSA, optical
spectrum analyzer; VOA, variable optical attenuator; PD, photodetector; ESA, electrical spectrum analyzer.
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for dual-OFC generation with six beat notes as the comb neu-
ron signatures. The f 1 and f 2 are 3 GHz and 2.989 GHz,
respectively. As indicated above, the pre-calibration method is
implemented with a 31.9 mA bias current of the DFB-LD. The
power of the input frequency is also as low as −7 dBm.

Figures 3(a)–3(d) present the schematics of response cases
corresponding to various input frequency bands. We focus
on the central comb neuron and the adjacent two comb neu-
rons, denoted as comb 0, comb −1, and comb 1, respectively.
Besides the no-input case in Fig. 3(a), input frequencies
fall into separated response ranges of different comb neurons
(i.e., the pink background), as shown respectively in Figs. 3(b)–
3(d). Figures 3(e)–3(h) and Figs. 3(i)–3(l) correspond to the
optical spectra and electrical spectra in each case, where the
comb neuron responses are highlighted by a dotted box in
red. In Fig. 3(e), there are three distinguished peaks of the in-
jected OFC. The asymmetric power distribution of beat
notes is a result of the in-cavity optical gain as shown in
Fig. 3(i). As a consequence of the pre-calibration method,
the response ranges are around the input frequencies of multi-
ple times of f 1 (see Appendix D). The responses to an
input frequency at 6.6 GHz, 9.6 GHz, and 12.4 GHz are illus-
trated in Figs. 3(f )–3(h) and Figs. 3(j)–3(l), respectively.
An evident power decrease in the corresponding comb

neuron is sequentially observed in both optical and electrical
spectra. It is demonstrated that the interaction between in-
cavity frequency components leads to a power variation of the
comb neuron in response to an input frequency of differ-
ent bands.

We scan the input frequency to investigate the response
curve of comb neurons. In Fig. 4, the beat note powers corre-
sponding to different input frequencies are given. First, we find
that each comb neuron particularly responds to the input fre-
quency within an adjacent range. It indicates that the frequency
information of the input can be inferred from the variation of
the comb power. This nonlinear response resembles an inverse
bell-shape tuning curve like in biological neurons. Second, the
width and amplitude (i.e., the maximum variation of comb
power) of the response curve are dependent on the initial comb
power. A relatively flat response curve of comb 0 shows a larger
response width and a lower response amplitude compared to
those of comb 1 and comb −1. The comparable initial powers
of comb 1 and comb −1 lead to their similar response widths
and amplitudes. Third, gain competition effect is observed that
the comb −1 and comb 1 increase when comb 0 decreases. This
is a reminiscence of the well-known lateral inhibition mecha-
nism between biological neurons [27] which can highlight the
feature contrast.

Fig. 3. Schematics and corresponding experimental results of the comb neuron response for a single input frequency. (a)–(d) The illustrative cases
of no input, 6.6 GHz input, 9.6 GHz input, and 12.4 GHz input, respectively. The input frequency falls into response ranges of respective comb
neurons and leads to a variation of the comb power. (e)–(h) Optical spectra of different input cases. The dotted box in red highlights the apparent
decrease of corresponding comb power. (i)–(l) Electrical spectra of different input cases. The comb powers are monitored through the beat note
powers. The center frequency and the spacing of the beat notes correspond to the frequency shift and frequency difference of the OFCs, respectively.
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Time stability of the comb neuron response is studied by
comparing the beat note powers under identical input after
a period of time (see Appendix D). The stable response man-
ifests the feasibility of the pre-calibration method for eliminat-
ing the effect of drifting f detu and ensures the population-based
information processing.

Further investigation on the shapes of response curves is pre-
sented and discussed in Appendix B. The inverse bell-shape
tuning curves are numerically demonstrated, which agree well
with the experimental results in Fig. 4. In addition, other
shapes of response curves with both positive and negative peaks
are also theoretically and experimentally observed. The comb
power starts to rise as the input frequency scans, then falls be-
low the initial level, and gradually recovers to the initial level. It
indicates the comb neurons can provide both excitatory and
inhibitory responses to an input frequency. Moreover, it is
found that the response width and amplitude are also depen-
dent on the input RF power.

B. Comb Power Coding for Input Pattern
Classification
A classification task of three input patterns with dual RF tones
is implemented with the comb-based PNP. An arbitrary wave-
form generator (M8195A, Keysight) outputs a single RF tone
with an amplitude of 600 mV, which is subsequently filtered by
a bandpass filter (BPF, BPF6-10Gs-2976, RF Bay) to remove
the spurs. Another 4 dBm RF tone is produced by the RF signal
generator and combined with the output of BPF as the input of
the DFB-LD.

We prepare the inputs through a combination of random
tones around the three frequency bands of 6 GHz, 9 GHz,
and 12 GHz corresponding to the response ranges of the comb
neurons. The experimental results of the relative beat note
powers are shown in Fig. 5. The faded circles represent the
PNP activities for each input. The stars indicate the average
activities for three input patterns that are in red, green, and
purple. Additionally, the projections of the average activities
to the planes are marked. It is found that every input pattern
occupies adjacent positions in this high-dimensional state space

created by the comb powers. It manifests that the comb-based
PNP has approximate responses to similar inputs. For example,
when band 1 and band 2 are involved in the input, beat
power 1, beat power 2, and beat power 3 decrease, rise, and
remain invariant, respectively. Consequently, the comb powers
function as a set of state variables mapping onto the input pat-
tern and the PNP activities form three distinct clusters, which
can be read out for classification through simple linear regres-
sion in a time-efficient manner. Here, this process is performed
offline to derive the classification results in the electrical
domain. Note that the nonlinear response supports the distrib-
uted representation of the information in each RF tone by
the comb-based PNP. As a result, an input RF pattern could
reliably map onto the distribution of the comb power. This
process can be considered as a feature conversion, which
benefits from the readability of the comb power by a low-
speed PD. Therefore, we can efficiently classify the input
RF patterns.

As the number of comb neurons and input frequencies in-
creases, the response of the PNP is nontrivial considering the
intra-cavity interaction and effects such as gain competition,
which may lead to more complex and unique PNP activities.
In the numerical investigations, the PNP activities of 15 comb
neurons for four input patterns with 15 RF tones are compared
(see Appendix C). The results show that a comb power in-
creases (i.e., an excitatory response) if there is an RF tone
around itself, which means the comb-based PNP can process
the input pattern in a parallel and distributed style. Therefore,
the input patterns are successfully classified according to the
PNP activities.

4. CONCLUSION

We have demonstrated a comb-based PNP to achieve a
population-based paradigm for parallel and nonlinear process-
ing. The implementations of population generation, parallel
processing, and population activity reading out are introduced.
Furthermore, we have presented the distributed response of

Fig. 4. Beat note powers dependent on input frequencies. The re-
sponse range locates around the multiple times of the comb spacing.
The inverse bell-shape response curve of each comb neuron resembles
the tuning curve of biological neurons. The response width and am-
plitude are related to the initial comb power.

Fig. 5. Comb-based PNP activities of three input patterns with dual
radio-frequency (RF) tones. The tones are randomly selected from
three frequency bands. The PNP shows similar activities in response
to the input pattern with approximate frequencies. Classification
results can be consequently read out.
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comb neurons as photonic tuning curves, and comb power
coding for input pattern classification. Three features are
highlighted for the comb-based PNP. First, it keeps a low
physical complexity toward a large population with the PNP-
tunability and activity-readability. The promising OFC tech-
nology ensures a chance of the comb-based PNP to scale up
with abundant bandwidth resources [23]. The PNP can also
be efficiently tuned and read out instead of accessing to
individual neurons one by one. Second, the carrier-coupling
naturally creates the complex interconnection with compact-
ness. A similarity between gain competition and lateral inhib-
ition is interesting for potential higher-level population-based
processing [30]. Third, it enables an RF pattern processing
directly in the frequency domain owing to the neuron-like non-
linear response, which is distinct from other reported comb-
based processing paradigms. For example, the comb-based
optical neural network [31,32] focuses on the temporal process-
ing of the data waveform with linear operations, such as the
synaptic weighting and the linear mapping between the wave-
length and delay. Similarly, the comb-based RF processing also
relies on the linear manipulation of the amplitude and the rel-
ative delay of the comb lines for typical signal processing func-
tions like RF filters [33]. To take a step further, we consider
the comb-based PNP in the context of the conventional pho-
tonics-assisted RF signals characterization [22]. Generally, a lin-
ear mapping is constructed between the RF domain and the
spatial or temporal domain [34,35]. It introduces increased
physical complexity or extra response latency (i.e., a scanning
period). In applications such as spectrum monitoring and ultra-
fast frequency-hopping communication, the response latency
of RF signals characterization is critical for the performance.

The comb-based PNP relies on the nonlinear mapping of
the broad input RF frequencies onto the distributed comb
powers, which can be readily monitored and conveniently con-
figured. Therefore, the comb-based PNP enables an improved
efficiency in the pattern classification task in the RF domain
compared to the conventional schemes. For example, when
dealing with broadband and sparse RF signals, the conventional
schemes are less efficient as most of the time resources and
channels are wasted without obtaining valuable information.
However, the comb-based PNP can directly sense the dynami-
cal change of the RF signals with just a series of comb powers.
In future studies, the PNP generation can be improved to gen-
erate more comb neurons and equipped with a programmable
power distribution through a wave-shaper. The pre-calibration
method can be implemented with a feedback control to effi-
ciently guarantee the stability. It is also interesting to study the
PNP interconnection dependent on cavity properties for a bet-
ter understanding of the network topology. At last, recent
breakthroughs of substantially efficient on-chip OFC [36,37]
indicate the potential monolithic integration of the comb-
based PNP.

APPENDIX A: THEORETICAL MODEL

The dynamics of an SL when it is injected by an OFC and
simultaneously driven by an input RF signal is described.
The dynamics characterization is based on the amplitude E�t�,
phase φ�t� of the electrical field of the injected laser, and the

carrier density N �t�. Following the model in recent studies
[25,26], we modify the pump current term with a modula-
tion expression of Rp�t� � Rb � m · �Rb − Rth� · sin�2πf int�,
where Rp, Rb, Rth, f in represent pump rate, pump rate bias,
pump rate at threshold, and modulation frequency, respec-
tively. The power of the input RF signal is adjusted by m. In
simulations, SL parameters are chosen as the following:
carrier lifetime τs � 2 × 10−9 s, differential gain GN � 7.9 ×
10−13 m3 · s−1, threshold carrier density N th � 2.91924 ×
1024 m−3, photon lifetime τp � 2 × 10−12 s, linewidth en-
hancement factor α � 5, and pump rate at threshold Rth �
1.8 × 1033 m−3 · s−1. The main factors of comb spacing f 1,
comb number Nc, detuning frequency f detu between the near-
est comb and SL, and relative injection amplitude E inj of each
comb, are variable. Consequently, we observe the optical spec-
trum of the complex electrical field of injected laser by discrete
Fourier transform.

APPENDIX B: CHARACTERIZATION OF
PHOTONIC TUNING CURVE

To characterize the response of the comb power to a single in-
put frequency (i.e., photonic tuning curve), we scan the f in

with a frequency step of 50 MHz and record corresponding
comb peak powers. In Fig. 6, two typical shapes of the photonic
tuning curve are observed, including the inverse bell-shape and
the dual-peak shape. The numerical results are presented in
Figs. 6(a)–6(c). We set up three combs with a 2 GHz spacing.
As shown in Fig. 6(a), applying Rb � 1.2Rth, m � 0.05,
E inj � 0.3, and f detu � 100 MHz, the response curve has
an inverse bell shape, which agrees well with that in Fig. 4. In
Fig. 6(b), the response curve features a positive peak and
a negative peak, for Rb � 4Rth, m � 0.1, E inj � 0.1, and
f detu � 2.01 GHz. The response curve of all three combs is
given in Fig. 6(c) under the same condition as those in
Fig. 6(b) except for m � 0.3. We find that there is a higher
positive peak and a larger response width than those in
Fig. 6(b). The experimental characterization of the photonic
tuning curve is shown in Figs. 6(d)–6(f ). The dual-peak shape
is also observed in Fig. 6(d) with a 1 GHz comb spacing.
Figure 6(e) gives another detailed dual-peak response curve
with a large response width of ∼5 GHz. It is found that the
slope of the response curve gradually increases. We also inves-
tigate the effect of the input power as shown in Fig. 6(f ). The
results indicate the positive peak increases as the input power,
which is consistent with the comparison among Figs. 6(b) and
6(c). A large input power of ∼15 dBm leads to an obvious red-
shift of the cavity. In general, the competition for carrier be-
tween the comb and input frequency is dependent on their
relative intensity, detuning frequency, and pump rate bias, lead-
ing to a distributed and nonlinear photonic tuning curve.

APPENDIX C: CONFIGURATION OF COMPLEX
PATTERNS CLASSIFICATION

To numerically investigate the response to complex input pat-
terns, we consider a classification task of four input patterns of
15 input tones and record the optical spectrum of 15 combs
separated by 150 MHz, as shown in Fig. 7(a). Applying
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f detu � 2.01 GHz, the frequency range from 1.855 GHz to
4.105 GHz is divided into 15 input frequency bands corre-
sponding to 15 combs. We regard the input frequencies falling
into the same band as an identical feature for the overall input
pattern. Each input frequency is defined as a combination of an
ideal value and a random value with a ratio of 0.01. The binary
formats of the 4 input patterns are selected as: [0, 1, 0, 1, 0, 1,
1, 0, 1, 1, 1, 1, 1, 0, 1] of pattern 1, [0, 1, 1, 1, 0, 1, 1, 1, 0, 1,
0, 1, 0, 1, 1] of pattern 2, [1, 1, 1, 1, 0, 1, 1, 0, 0, 1, 0, 0, 1, 1,
1] of pattern 3, and [1, 1, 0, 1, 0, 1, 1, 0, 1, 1, 0, 1, 0, 1, 1] of
pattern 4, where the binary 1 indicates that there is a tone in-
side the corresponding input frequency band. The numerical
optical spectra are shown in Figs. 7(b)–7(e). A dotted line helps
with a separation of the comb power level into two categories.

The sequence numbers of the lower comb powers are marked.
We find that a comb power increases if there is an input tone
within the frequency band. There is a good agreement between
the comb power distribution and the complex input pattern. It
is indicated that the comb-based PNP can classify RF signals in
a distributed and parallel manner.

APPENDIX D: PRE-CALIBRATION METHOD

We implement a pre-calibration experimental method to
overcome the drifting of f detu. First, we adjust the center wave-
length of the DFB-LD to approach the nearest comb by tuning
the bias current. The power of the nearest comb (i.e., state
comb) tends to increase as f detu decreases. Second, we select

Fig. 6. Characterization of shapes of the photonic tuning curve. (a)–(c) Numerical results of the inverse bell-shape, dual-peak shape, distributed
dual-peak shape, respectively. (d)–(f ) Experimental results of the distributed dual-peak shape, dual-peak shape, and input-power dependence.

Fig. 7. Numerical results of classification of the complex input patterns. (a) Schematic of the classification task of four input patterns with 15
tones. (b)–(e) Optical spectra corresponding to the four input patterns, respectively. The sequence numbers of the lower comb powers are indicated.
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a bias current value corresponding to a stable and high state
comb power. As shown in Figs. 8(a) and 8(b), we record
the power value as a signature of f detu. Third, we monitor
the state comb power and finely adjust the bias current to en-
sure a stable f detu. As a result, the response range of a comb
locates around the multiple times of the comb spacing, which
provides a design reference for the comb-based PNP for differ-
ent processing tasks. Figure 8(c) presents the response stability
versus time corresponding to Fig. 4. With the pre-calibration
method, the three combs reliably respond to the same input
frequency.
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