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ABSTRACT
Content-Addressable Memory (CAM) circuits enable inherently parallel and high-speed search operations, making them essential for data-
intensive applications, such as packet classification in high-speed networking, pattern recognition, and artificial intelligence. However, as
CMOS technology continues to scale, conventional electrical CAMs suffer from increasing interconnect delays, hindering their performance
and energy efficiency in large-scale deployments. In contrast, photonic systems leverage light as the information carrier, offering ultra-fast
data transmission with minimal signal degradation due to their length-independent impedance characteristics. In this work, we introduce
OptiCAM—an optical CAM architecture that employs silicon photonic microring resonators and photodiode-based latch structures to store
data and execute matching entirely in the optical domain. Furthermore, we present a novel sectioned array architecture that provides a
pathway to build scalable CAM arrays, effectively overcoming the wavelength limitations imposed by the microring resonators’ free spectral
range. Our OptiCAM design, evaluated on a 16 × 16 photonic CAM array using the commercial GlobalFoundries’ 45SPCLO technology node,
achieves a remarkable search latency of 100 ps and an energy consumption of 100.9 fJ/bit per search.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0288417

I. INTRODUCTION

Conventional memory systems organize data in binary form
across rows and columns. To perform read or write operations, they
rely on column-parallel peripheral circuits.1,2 When data need to be
accessed, a specific row is activated based on its address, and the
data are transferred through shared column lines at the memory’s
edge. However, many modern applications—such as high-speed
networking for packet classification, pattern recognition, and artifi-
cial intelligence—often require searching for specific content within
memory, rather than retrieving it by address.3,4 In such cases, the
traditional approach of activating one row at a time and compar-
ing data externally leads to high latency and energy consumption,
particularly with large datasets. To address this limitation, Content-
Addressable Memories (CAMs) offer a powerful solution. CAMs

can compare input data against all stored entries simultaneously
and return the matching address in a single clock cycle, signifi-
cantly improving both speed and energy efficiency. Their inher-
ent parallelism makes CAMs especially suited for high-bandwidth,
low-latency workloads that are increasingly common in today’s
computing systems.5,6

Traditionally, Content-Addressable Memories (CAMs) have
been widely used in networking hardware, such as routers,
switches, and Smart Network Interface Cards (SmartNICs), to
enable fast packet classification and forwarding.7,8 Over time,
their use has expanded into areas, such as security analytics,
data compression, caching, neuromorphic computing, and more
recently, deep learning accelerators.9–15 Most conventional CAMs
are built using Static Random-Access Memory (SRAM) tech-
nology because of its fast access and reliable performance.16–21
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However, with continued CMOS scaling, SRAM-based CAMs face
limitations, such as RC-delay bottlenecks, static leakage power,
and substantial area overhead due to peripheral logic.22 Dynamic
Random-Access Memory (DRAM)-based CAMs offer higher den-
sity but suffer from slower access times.23,24 To mitigate these
issues, researchers have explored CAM architectures based on
emerging non-volatile memories (NVMs), including phase-change
memory (PCM),25–27 spin-transfer torque magnetic RAM (STT-
MRAM),28–30 flash memory,31 Ferroelectric Field Effect Transis-
tors (FeFETs),32 and memristors.33–35 These technologies promise
reduced standby power and improved density but are constrained by
higher write energy, device variability, and limited endurance. More-
over, even with these improvements, electrical CAMs (E-CAMs)
remain constrained by the energy and latency limitations imposed
by long interconnects and electrical parasitics.

This speed mismatch between electrical CAMs and modern
optical interconnects is especially critical in high-performance com-
puting and data center environments, where optical signal rates
routinely reach tens or even hundreds of gigabits per second.36

In contrast, current E-CAMs typically operate in the range of a
few gigabits per second, necessitating optoelectronic conversion
(OEC) and data-rate downconversion at the optical–electrical inter-
face. These two stages not only introduce latency but also signif-
icantly increase energy consumption at a cost that is frequently
excluded from reported CAM efficiency metrics.37,38 The need for
such costly conversion stages disrupts high-speed photonic data
flows and introduces a critical bottleneck in photonic memory
subsystems. In addition, interconnect-dominated energy and delay
components increasingly dominate the system-level performance
profile of E-CAM arrays. This includes capacitive RC-delay, power-
hungry drivers, and layout-induced variability at advanced CMOS
nodes. As a result, the performance limits of modern CAMs are
often dictated more by interconnect physics than by the underly-
ing memory or logic elements, creating a fundamental architectural
mismatch between photonic interconnects and electronic search
engines.

To address these challenges, several optical CAM (O-CAM)
architectures have been developed. Early efforts employed InP-
based semiconductor optical amplifier Mach–Zehnder interferom-
eter (SOA-MZI) configurations to implement optical flip-flops and
XOR gates for binary and ternary CAMs.39,40 While these demon-
strated up to 10 Gbps search speeds nearly 10× faster than the
typical E-CAMs, they suffered from large device footprints, signif-
icant energy consumption, and scalability limitations.41 More recent
photonic CAM designs have explored the use of silicon photonic
microring resonators (MRRs), leveraging their small footprint, high
Q-factor, and wavelength selectivity to enable dense, energy-efficient
CAM arrays.42,43 These MRR-based CAMs use wavelength-division
multiplexing (WDM) to encode search and stored data, allowing
for parallel content matching within a compact form factor. Despite
these advantages, WDM-based photonic CAMs are inherently con-
strained by the free spectral range (FSR) of the microring resonators,
which limits the number of usable wavelengths within a given opti-
cal bandwidth. In addition, higher-Q resonators have narrower
linewidths and therefore require smaller voltage shifts to switch res-
onance, but this comes at the expense of modulator bandwidth.
Moreover, most photonic CAM demonstrations to date continue to
rely on electronic subsystems for memory write operations, which

limit the degree to which they can overcome the inherent limitations
of electrical CAM architectures.

In this work, we introduce two designs of OptiCAM
bitcells—an optical content-addressable memory built using silicon
photonic microring resonators (MRRs) and photodiodes (PDs). In
the first design, binary data are encoded using two different wave-
lengths, one for “1” and another for “0.” In the second design, a
single wavelength is used to encode data. The data are stored in
an electro-optic latch, formed by the cross-coupling between MRRs
and a balanced photodiode structure. In addition, we propose a
sectioned architecture for the OptiCAM array that includes interme-
diate optoelectronic conversion stages to overcome wavelength scal-
ing limitations imposed by the free spectral range (FSR) of MRRs,
enabling scalability to larger arrays without degrading performance.
Our design, built as a 16 × 16 array using the GlobalFoundries’
45SPCLO process, achieves a search speed of 10 GHz and energy
consumption of 100.9 fJ/bit per search.

II. OptiCAM CIRCUIT AND ARCHITECTURE
In this section, we begin by introducing our photonic storage

element, followed by a detailed explanation of the two proposed
OptiCAM designs, using a 1 × 4 array as the core macro unit. We
then describe how this macro can be scaled to larger CAM arrays
through our novel sectioned array architecture, which enables effi-
cient scaling without being limited by the number of available
wavelengths within a single FSR.

A. Photonic-SRAM
Figure 1 shows the schematic of the proposed photonic SRAM

(pSRAM) bitcell, where data are stored using a cross-coupled

FIG. 1. Differential cross-coupled photonic SRAM (pSRAM) bitcell used as the
storage element in our OptiCAM architecture. The data and their complement are
stored at the optically modulated electric nodes Y and YB.
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configuration of microring resonators (MRRs) and photodiodes
(PDs).44,45 The through and drop ports of MRR M1 (M2) are con-
nected to the waveguides of PDs P1 (P3) and P2 (P4), respectively.
An optical laser at wavelength λIN is coupled into the circuit through
an input splitter (PS1) at port IN, distributing light evenly to M1 and
M2. The input wavelength λIN is chosen such that applying VDD to
both MRRs aligns their resonances with the input laser. Electrical
drivers D1 and D2, connected to nodes Y and YB, drive M1 and M2,
respectively, forming a cross-coupled loop that latches binary data at
Y and YB as long as optical and electrical biases are maintained.

For instance, when Y = VDD and YB = GND, M1 is tuned
into resonance with the input light, directing optical power toward
P2. The photocurrent generated at P2 keeps YB at GND, detuning
M2 and allowing light to pass to P3, which in turn maintains Y at
VDD. Conversely, when YB = VDD and Y = GND, M2 resonates
with the input light, steering power to P4 and reinforcing Y = GND,
while M1 directs light to P1 to sustain YB at VDD. In this way,
the cross-coupled MRR–PD configuration provides robust bistable
storage.

To perform a write operation, a differential optical pulse is
applied to the write bitline (WBL) and write bitline bar (WBLB).
Assume that the cell initially holds Y = 0 and YB = 1, and the goal is
to flip the state to Y = 1 and YB = 0. A high-intensity optical pulse
is launched into WBL, while WBLB remains inactive. The splitter
PS2 distributes the pulse to PDs P3 and P2, lowering the resistance
paths to VDD for Y and to GND for YB, thereby forcing the latch to
flip. Similarly, to write the complementary state, an optical pulse is
applied to WBLB, while WBL is left dark. The splitter PS3 delivers

the light to P1 and P4, enabling the complementary transition
(Y = 0 and YB = 1) and ensuring the latch updates to the correct
state.

This photonic-SRAM bitcell has been fully designed, fab-
ricated, and experimentally validated on the GlobalFoundries’
45 nm CMOS–silicon photonics platform.46 This structure sup-
ports stable data retention and fast optical switching, making it
well-suited for high-speed photonic memory applications. Further-
more, a voltage-based automatic calibration technique has been
developed to ensure robust and drift-tolerant microring resonance
alignment.47 This pSRAM holds the stored data, and dedicated
read/search optical ports are embedded alongside it to enable CAM
operations by comparing the stored data with input data from the
periphery, as will be detailed in the later sections.

B. OptiCAM bitcell and array structure
In this subsection, we present two designs of our proposed

OptiCAM bitcell, each offering distinct trade-offs between circuit
area and optical signaling complexity. In the first design, binary data
are encoded using two separate wavelengths, where one represents a
logical “1” and the other a “0.” This approach requires only a single
microring resonator per bit to perform the search operation, result-
ing in a more compact footprint. By contrast, the second design
employs a single wavelength to encode data, simplifying the opti-
cal signaling but requiring two compute MRRs per bit, which leads
to a comparatively larger footprint. In both cases, data are stored
within the pSRAM structure described earlier in Subsection II A, and

FIG. 2. Schematic and operation of the dual-wavelength OptiCAM design. (a) Schematic and functional overview of the OptiCAM-DW bitcell. Here, P0 denotes the dark
state and PX represents the optical power of the input data, with PX indicating logic “1” and P0 indicating logic “0” in the optical domain. In the electrical domain, VDD and
GND correspond to logic “1” and “0,” respectively. The pSRAM serving as the cross-coupled photonic memory element is detailed in Fig. 1. (b) Transmission spectra of the
microring resonators (MRRs) as their length varies, showing four distinct wavelength channels. (c) Schematic of a 1 × 4 OptiCAM-DW array structure.
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the compute rings are augmented on top of the pSRAM to enable
in-memory optical search operations.

1. OptiCAM-DW: OptiCAM dual-wavelength
Figure 2(a) shows the schematic of the dual-wavelength Opti-

CAM (OptiCAM-DW) bitcell design. This structure employs a
cross-coupled pSRAM (depicted as a square box in the figure) to
store data and uses a single compute microring resonator (MRR),
labeled M3, to compare the stored and input data. The integrated
PN-junction phase shifter of M3 is electrically connected to the stor-
age node (Y) of the pSRAM (as shown in Fig. 1). In this design, two
distinct optical wavelengths encode the input logic states: λ1 rep-
resents logic “1” and λ1B represents logic “0.” The microring M3
is tuned to resonate with the incoming light of wavelength λ1 via
X when its phase shifter is biased at VDD, and to resonate with
λ1B when the bias is at GND. The wavelength encoded input data
are applied via the X port. This dual-resonance capability enables
wavelength-selective transmission depending on the stored value in
the pSRAM, facilitating high-speed optical comparison.

When the input and stored data match, the output remains
dark, signaling a successful match. For example, if both are logic
“0” (input wavelength λ1B at X, stored voltage Y = GND), the com-
pute MRR M3 resonates with λ1B, diverting the light away so that
no power reaches the output Z. Likewise, if both are logic “1” (input
wavelength λ1 at X, stored voltage Y = VDD), M3 resonates with

λ1 and again blocks light from reaching Z. In contrast, during a
mismatch, light passes through to the output node. For instance, if
the input is “1” (λ1) and the stored data are “0” (Y = GND), M3 is
out of resonance with λ1, allowing the light to continue through to
the output and producing high optical power at Z. A similar situa-
tion occurs when the input is “0” (λ1B) and the stored data are “1”
(Y = VDD), with M3 out of resonance and letting light reach Z.

Using the OptiCAM-DW bitcell, we can build a 1 × 4 array,
where the outputs from each bitcell are combined through multi-
mode interferometers (MMIs) as shown in Fig. 2(c). To enable non-
coherent optical addition, this design leverages wavelength division
multiplexing (WDM). Each compute microring [M3, shown in
Fig. 2(a)] is tuned to resonate at a specific wavelength, with spac-
ing carefully chosen within a single free spectral range (FSR) to
reduce crosstalk between adjacent channels. Figure 2(b) illustrates
the transmission spectra of compute MRRs with different geome-
tries, adjusted by modifying the microring length (dL). As depicted
in Fig. 2(c), the red, green, blue, and orange rings are tuned to res-
onate at λ1, λ2, λ3, and λ4, respectively, when biased at VDD, and
shift to λ1B, λ2B, λ3B, and λ4B when the bias is set to GND.

When the input data X⟨1⟩, X⟨2⟩, X⟨3⟩, and X⟨4⟩ exactly match
the stored data Y⟨1⟩, Y⟨2⟩, Y⟨3⟩, and Y⟨4⟩, the output ports Z⟨1⟩,
Z⟨2⟩, Z⟨3⟩, and Z⟨4⟩ receive no light, so the combined output from
the MMIs stays in the dark state. These outputs connect to a bal-
anced photodiode structure, where the top photodiode is a dual
detector linked to the outputs of two MMIs, while the bottom

FIG. 3. Schematic and operation of the single-wavelength OptiCAM design. (a) Schematic and functional overview of the OptiCAM-SW bitcell. Here, P0 denotes the dark
state and PX represents the optical power of the input data, with PX indicating logic “1” and P0 indicating logic “0” in the optical domain. In the electrical domain, VDD and
GND correspond to logic “1” and “0,” respectively. The pSRAM serving as the cross-coupled photonic memory element is detailed in Fig. 1. (b) Transmission spectra of the
microring resonators (MRRs) as their length varies, showing four distinct wavelength channels. (c) Schematic of a 1 × 4 OptiCAM-SW array structure.
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photodiode receives a threshold power PTH to enable binary thresh-
olding. When all bits match, the optical power at the top photodiode
remains below PTH, causing the transimpedance amplifier (TIA) and
the variable gain amplifier (VGA) to output VDD. The TIA, imple-
mented using an inverter with a feedback resistor, amplifies the
small current from the balanced photodiodes into a voltage, which
is then boosted by the cascaded amplifier to a full rail-to-rail binary
level.45

This VGA output drives another MRR M5, which resonates
with the input light PC when its integrated pn junction is at VDD,
resulting in no light at the match line ML, indicating a match. How-
ever, if there is any bit mismatch, one or more Z outputs carry light,
raising the power above PTH at the balanced photodiode. This causes
the amplifier output to drop to GND, tuning the MRR M5 out of
resonance. As a result, the match line ML shows high optical power,
indicating a mismatch in the 1× 4 array. Note that the 1× 4 array can
be easily scaled to any arbitrary vector size by adding more pSRAM
cells and compute rings [such as M3 shown in Fig. 2(a)], along with
additional MMIs and multiple photodiodes connected in parallel at
the top side of the balanced photodiode structure. This allows binary
CAM operations to be performed on larger vectors.

2. OptiCAM-SW: OptiCAM single-wavelength
Figure 3(a) illustrates the OptiCAM structure utilizing single

wavelength for data encoding. It consists of the basic pSRAM latch
structure to hold the stored data and two additional MRRs [denoted
as M3 and M4 in Fig. 3(a)]. The compute rings M3 and M4 are
driven by the storage nodes Y and YB, respectively. The OptiCAM-
SW can perform the CAM operation between the input data (X)
and the stored data (Y). The input data and their complement are
applied through the read/search waveguides connected to the X and
XB ports.

When the input and stored data match, the output (Z) stays
dark, indicating a match. For instance, if both are logic “0” (X = P0,
XB = PX, Y = GND, and YB = VDD), MRR M4 resonates with the
input light coming through XB and diverts it to be absorbed, so no
light reaches the output Z. Here, P0 denotes the dark-state optical
input (no light), while PX represents the optical power supplied per
data bit. A similar effect occurs when both are logic “1” (X = PX,
XB = P0, Y = VDD, and YB = GND), where MRR M3 resonates and
blocks the light coming from the X port, preventing it from reach-
ing Z. In contrast, during a mismatch, light passes through to the
output Z. For example, if the input is “1” (X = PX, XB = P0) and the
stored data are “0” (Y = GND and YB = VDD), MRR M3 is out of
resonance, letting light continue to the coupler C1 and creating high
optical power at Z. Likewise, on the contrary, where the input is “0”
(X = P0 and XB = PX) and the stored data are “1” (Y = VDD and YB
= GND), MRR M4 does not resonate with the incoming light from
XB, allowing it to pass through the coupler and produce high optical
power at Z.

Integrating the OptiCAM-SW bitcell in an array configuration
[shown in Fig. 3(c)], we can construct an array of vector size 1 × 4
utilizing four different wavelength channels as shown in Fig. 3(b) by
tuning the length of the compute microrings, as discussed in Sub-
section II B 1. When the input data matches the stored data, the
match line ML will be in a dark state because it generates power
lower than the threshold power PTH, causing the ring M5 connected
to the match line to resonate and make the ML dark. In contrast, if

there is any mismatch, the balanced photodiode structure outputs a
high signal, which drives the TIA and VGA chains to GND, pushing
the ring connected to the ML out of resonance and yielding a high
optical output power. Similar to the OptiCAM-DW structure, the
OptiCAM-SW can be scaled to support arbitrary vector sizes.

In summary, both the OptiCAM-DW and OptiCAM-SW bit-
cells output high optical power at Z when the input and stored data
do not match, and remain dark when they do—effectively perform-
ing the CAM operation at high speed. The OptiCAM-DW uses two
wavelengths to execute CAM searches, which may require additional
tuning of the source laser, but relies on a single compute microring,
making it more compact. In contrast, the OptiCAM-SW operates
with a single input wavelength but employs two MRRs and an MMI
coupler, resulting in a larger footprint than OptiCAM-DW.

C. Two-dimension (2D) OptiCAM array architecture
Figure 4 illustrates a two-dimensional (2D) 4 × 4 CAM array

constructed using our proposed OptiCAM-SW structure; how-
ever, a similar 2D configuration can also be implemented with the
OptiCAM-DW design. To scale up from the one-dimensional (1D)
arrays described in Subsections II B 1 and II B 2 into a 2D architec-
ture, multiple 1D arrays of vector size n (here, n = 4) are arranged
along several rows (m), each with its own dedicated match line
(i.e., ML⟨1⟩, ML⟨2⟩, ML⟨3⟩, and ML⟨4⟩) to independently perform
the CAM operation on the corresponding row-wise stored data. On
the input side, a 1 ×m splitter is used to divide the input data into m
separate rows, routing the signals to the corresponding rows of the
2D array for each column. For example, in the figure, m is chosen
as 4 to simultaneously deliver X⟨1⟩, X⟨2⟩, X⟨3⟩, and X⟨4⟩, each with
4× the optical power per data line. This design enables parallel CAM
operations across all rows and supports scalability to larger vector
sizes.

D. Sectioned analog OptiCAM array architecture
Figure 5 shows a sectioned OptiCAM array architecture built

using our proposed OptiCAM-SW bitcell; however, the same design
can also be realized with the OptiCAM-DW bitcell. In this setup,
we employ the 1 × 4 macro block described in Subsection II B 2
to compute the CAM operation outputs independently through
wavelength-division-multiplexed compute rings connected to the
match line (ML). Here, each section (for example, a 1 × 4 array)
carries out the CAM operation as detailed earlier. Depending on
the match condition per section, the MRRs (M5, M6, M7, and M8
depicted as red, green, blue, and orange for section-1, 2, 3, and 4,
respectively) linked to the ML either enter resonance—absorbing
specific wavelengths of light—or remain out of resonance, allowing
those wavelengths to pass through the ML.

The sectioned architecture is inherently scalable and can be
integrated in a hierarchical manner to expand the array size as
an integer multiple of the macro block. In this figure, we use a
1 × 4 array as the basic macro, selected based on the number of
wavelengths that can fit within a single FSR to minimize adjacent
channel crosstalk and interference. Each macro or section performs
the CAM operation independently of the others. Since this con-
figuration employs separate compute rings (M5, M6, M7, and M8
in Fig. 5), the resulting optical power on the ML supports analog
matching with a resolution determined by the macro or section size.
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FIG. 4. 4 × 4 CAM array using the OptiCAM-SW structure, demonstrating scalable parallel CAM operations across multiple rows.

This allows the output to represent the percentage of matched data
between the input and stored data at the granularity of each section.
The number of sections that can be combined on a single match
line also depends on how many wavelengths can be accommodated
within one FSR. Thus, four sections (1 × 4) can be integrated using

four additional compute MRRs (M5, M6, M7, and M8) to achieve
analog CAM operations across two vectors, each 16 bits long.

It is worth noting that the sectioned analog OptiCAM array
architecture is inherently scalable. By leveraging the 16-bit analog
CAM block shown in Fig. 5, the array size can be expanded to
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FIG. 5. Sectioned analog OptiCAM array architecture based on the OptiCAM-SW bitcell, employing multiple 1 × 4 macro blocks with wavelength-division-multiplexed
compute rings to perform independent CAM operations per section.

64 bits by hierarchically connecting multiple such blocks through
additional opto-electronic conversion stages. In particular, the
ML in the figure can be linked to a balanced photodiode with a
reference power to binarize the optical output, which then drives

another MRR (similar to M5) connected to a global match line for
a 64-bit vector. Likewise, three similar sections can be combined to
drive three distinct wavelength-specific MRRs (akin to M6, M7, and
M8, but connected to the global ML) to achieve CAM operations
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on a 64-bit vector. While this approach maintains analog matching,
it does so at a coarser granularity than the original 16-bit sections.
In essence, the sectioned design overcomes the limitation on the
number of wavelengths per FSR by incorporating an opto-electronic
binarization stage, enabling array scaling beyond the constraints
imposed by the FSR. This strategy is also broadly applicable to scal-
ing other optical array computations, such as in photonic tensor core
architectures.

III. RESULTS AND DISCUSSIONS
In this section, we present the verification results of our pro-

posed OptiCAM structures—both the dual-wavelength and single-
wavelength designs—and the sectioned analog OptiCAM architec-
ture, implemented using the commercial GlobalFoundries’ 45CLO
process design kit (PDK), which enables monolithic integration of
silicon photonics with high-performance transistors. These simula-
tions use industry-standard PDK models, calibrated against actual
fabricated devices to enable accurate performance prediction via
electronic design automation (EDA) tools. The GF45CLO platform
integrates photonic devices with RF CMOS circuitry on a 300 mm
SOI wafer and includes an eight-metal-layer back-end stack.48 We
designed the OptiCAM structures using GF45CLO PDK compo-
nents (including four-port microring resonators, photodiodes, split-
ters, and transistors) in Cadence Virtuoso Studio and performed
Spectre simulations to evaluate and verify their performance.

Figure 6 shows a representative diagram of the Cadence
Virtuoso-based schematic setup and simulation environment
used in this study, illustrating the complete workflow used
to validate the OptiCAM circuits. All photonic and electronic
components—including the virtual optical source (irsource),
microring resonators, waveguides, MMIs, photodiodes, transistors,
and circuit blocks—were instantiated directly from the GF45CLO
PDK within the Virtuoso Studio Schematic Editor. The simula-
tions were configured and executed in Analog Design Environment
(ADE) explorer, where DC analysis was used for microring power
vs wavelength characterization and transient analysis was employed
for functional verification, timing extraction, and energy evalua-
tion. ADE explorer relies on encrypted, foundry-verified model
libraries containing measured fabrication data and compact models,
enabling accurate co-simulation of optical and electrical domains.

Simulation results were visualized in Virtuoso Visualization and
Analysis (VIVA) XL, where we monitored electrical node voltages
and optical powers using virtual instruments, such as the irmeter.

A. Verification of OptiCAM array structure
Figure 7 shows the verification results for the proposed

1 × 4 OptiCAM-DW array. To test various matching scenarios, we
set the input data to 1111 and sequentially varied the stored data
to represent cases ranging from a full match to 1-bit, 2-bit, 3-bit,
and complete 4-bit mismatches. As shown in the figure, during the
time interval from 500 to 600 ps, the stored data Y⟨1:4⟩ equals 1111,
indicating a match with the input. Consequently, the bottom sub-
plot for the ML shows low optical power output. Note that there is a
latency between the input change and the resulting output due to the
TIA and VGA stage; however, this does not impact the maximum
speed at which the circuit can distinguish match and mismatch
conditions. In this simulation, we used a 100 ps clock pulse to
sequentially change the input bits. Between 600 and 700 ps, a 1-bit
mismatch is introduced (Y⟨4⟩ = 0). In subsequent clock cycles, we
simulate 2-, 3-, and 4-bit mismatch scenarios. The bottom subplot
clearly shows that under these conditions, the ML remains at a high
optical power state, indicating mismatches.

Figure 8 presents the verification results for the 1 × 4
OptiCAM-SW array, evaluated under the same sequence of match-
ing and mismatching scenarios previously demonstrated for the
OptiCAM-DW design. In this simulation, the input data are fixed
at 1111, while the stored data are systematically varied from a full
match to cases with 1-, 2-, 3-, and 4-bit mismatches. As shown in
the figure, during the time interval from 500 to 600 ps—when the
stored data fully matches the input—the match line (ML) exhibits
low optical power, indicating a successful match. As mismatches
are introduced in subsequent clock cycles, the optical power on
the ML correspondingly rises, clearly distinguishing mismatches
from matches. It is important to note that for both sets of verifica-
tions (OptiCAM-DW and OptiCAM-SW), an optical input power of
100 μW per channel was used, yielding a 100 ps search latency.
This latency can be further improved by increasing the optical input
power, demonstrating the design’s flexibility in trading off power for
speed.

FIG. 6. Representative Cadence Virtuoso simulation setup and EDA workflow used for evaluating the proposed 1 × 4 OptiCAM-SW circuit.
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FIG. 7. Verification of the proposed 1 × 4 OptiCAM-DW array under different
matching conditions considering input data of 1111.

FIG. 8. Verification of the proposed 1 × 4 OptiCAM-SW array under different
matching conditions considering input data of 1111.

B. Verification of sectioned analog OptiCAM array
structure

Figure 9 presents the verification of the 1 × 16 sectioned analog
OptiCAM array architecture shown earlier in Fig. 5 utilizing both
OptiCAM-DW and OptiCAM-SW bitcell, with the input dataset to
all “1”s across the 16 bits. Each section comprises a 1 × 4 macro array
along with an independent opto-electronic stage, including balanced
photodiodes, a TIA, and a VGA chain. The output of each section’s
VGA drives a compute MRR tuned to λ1, λ2, λ3, and λ4 for sections 1
through 4, respectively. The through ports of these MRRs connect to
a shared match line (ML), enabling optical power to appear under
mismatch conditions, while remaining in a dark state when their

FIG. 9. Verification of the proposed 1 × 16 sectioned analog OptiCAM array under
different matching conditions considering input data of 0xFFFF.

respective sections detect a match by resonating at the designated
wavelengths.

To evaluate different matching scenarios under a worst-case
pattern, the stored data were sequentially modified to create cases
ranging from a complete match to a 1-bit mismatch introduced
in section 1, then in section 2, section 3, and finally section 4. In
particular, bits Y⟨4⟩, Y⟨8⟩, Y⟨12⟩, and Y⟨16⟩ were switched from
“1” to “0” to introduce a 1-bit mismatch in each section one after
another, while the remaining bits were held at “1.” When all stored
bits matched the input, the match line (ML) exhibited the lowest
optical power. As mismatches were introduced section by section,
the optical power at the ML gradually increased in analog manner
depending on the percentage of mismatches, reaching a maximum
when all four sections contained mismatches.

Note that the analog optical power output on the ML reflects
the percentage of mismatches across the sections. For example, if
only section 1 (out of four sections) contains between 1 and 4 bit
mismatches while sections 2, 3, and 4 remain fully matched, this
corresponds to roughly 25% mismatches in the overall search, yield-
ing an optical power of approximately one unit (PC, as illustrated
in Fig. 5). Similarly, mismatches in two, three, or all four sections
result in optical power levels of 2PC, 3PC, and the maximum level,
respectively, as more MRRs connected to the ML move out of reso-
nance. This approach provides an analog behavior with a granularity
defined by the section size. Note that since the GF45CLO models
do not account for noise, the reported speed metrics represent an
upper bound; in practice, noise may slightly degrade the maximum
achievable speed.

C. Performance metrics estimation and comparison
We use a vector size of 16 to estimate the search energy and

delay. Based on the simulation results in Figs. 7 and 8, it is evi-
dent that both proposed OptiCAM architectures achieve search
operations with a latency of 100 ps. To evaluate the total power
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consumption, we calculated both the optical and electrical power
through simulations. The total required optical power is determined
using the following equation:

POPT = n × PX + s × (PC + PTH) + n × PpSRAM. (1)

Here, PX, PC, and PTH denote the optical input power per data
channel, the power for the section-wise compute MRRs connected
to the match line (ML), and the threshold power needed to differ-
entiate between match and mismatch in each section, respectively.
The terms n and s indicate the total number of bits involved in the
CAM operation and the number of sections used in the calculation.
PpSRAM represents the static optical power required to maintain the
stored data in the pSRAM for each bit. We also consider the wall-
plug efficiency (WPE) of 0.23,49 to estimate the final optical power
per search (POPT/WPE). Assuming PX = PC = 100 μW and a thresh-
old power PTH of 5.75 μW, the total optical power—including wall-
plug efficiency (WPE) and static pSRAM dissipation as reported in
Ref. 44—is estimated to be 9.49 mW for a 16-bit vector. The nomi-
nal input optical power of 100 μW was chosen to avoid self-heating
while still providing sufficient optical power for memory and CAM
operations. In CAM operation, the lowest optical output occurs
across the balanced photodiodes when all stored bits match the
input, as all corresponding microring resonators are on resonance
and divert the incoming light away from the output. In contrast, the
worst-case detectable mismatch arises when only 1-bit mismatches,
allowing single microring to remain out of resonance and transmit
optical power to the output. To reliably separate the “all-match” dark
state from the one-bit mismatch condition, we define the threshold
power PTH as the midpoint between these two output powers. Con-
sidering the microring resonator insertion loss and the two MMI
splitters along the optical path (each contributing ∼−3 dB), from our
simulations, this midpoint is ∼5.75 μW, ensuring correct detection
of both matches and mismatches.

The electrical power consumption from the TIA and VGA
is ∼6.65 mW. The reported power consumption value is obtained
from circuit-level simulations using the GF45CLO monolithic PDK.
In particular, the power was calculated by simulating the average
current drawn from the supply (VDD) and multiplying it with
the supply voltage. In our design, the TIA is implemented as a
shunt-feedback inverter-based structure, while the VGA is realized
using cascaded inverters to achieve rail-to-rail swing with a trade-
off between design complexity, speed, and power. This results in a
total power per search of 16.14 mW for the 16-bit data. Given the
100 ps search latency, the energy per bit search comes out to roughly
100.9 fJ/bit.

Note, the primary speed limitation in our current OptiCAM
design arises from the electro-optic conversion stage, specifically
the TIA and VGA circuits. The photonic components themselves
(MRRs and PDs) are capable of operating at much higher fre-
quencies (over 30 GHz). In this work, we intentionally adopted
simple inverter-based TIA and VGA architectures, which provide
sufficient bandwidth for 10 Gb/s operation while maintaining low
design complexity and power consumption. In principle, higher data
rates are feasible if more advanced high-bandwidth TIA and VGA
designs, which would allow operation beyond 10 Gb/s.50,51 However,
such improvements come with trade-offs in terms of higher power
consumption, larger area, and increased circuit complexity.

TABLE I. Performance comparison of various CAM architectures.

References Configuration
Search

speed (ps)
Energy/
bit (fJ)

TVLSI 202552 10T SRAM 1610.3 1.05
TNANO 202453 RRAM 853 0.71
LPT 201854 SOA-MZI optical 100 1000a

Nanophotonics 202355 WDM optical 100 243
ACS Photonics 202556 PCM optical 100 000b 1855
J. Phys. Photonics 201957 SOA optical 100 3 × 105

OFC 202558 c WDM optical 20 38
This work Optical 100 100.9
aEnergy/bit estimated from system power (20 mW) and 100 ps search window, based
on Refs. 39 and 59.
bThe search speed is constrained by the photodetector bandwidth (10 MHz).
cStorage is controlled by external DC supplies.

Table I summarizes the performance metrics of our proposed
OptiCAM alongside prior electrical and optical CAM designs. While
electrical CAMs based on SRAM or emerging devices typically
achieve lower energy consumption than optical CAMs, they suf-
fer from higher search latency, which can become a bottleneck in
high-speed applications. In contrast, photonic CAMs operate at very
high speeds (around 10 GHz or more), enabling rapid search opera-
tions but generally at the cost of increased energy use. Notably, our
proposed OptiCAM achieves lower energy consumption than previ-
ously reported optical CAMs while maintaining comparable search
latency.

In large-scale arrays, maintaining uniform resonance wave-
lengths across microrings can pose a significant challenge. To
address this, post-fabrication variability can be compensated dur-
ing an initial calibration step, which is a one-time operation
and does not incur continuous power cost, as demonstrated with
Ge implant trimming, SiN-film-based permanent post-fabrication
trimming robust to process variations and UV-sensitive polymer
claddings.60–62 For dynamic variations, integrated thermal phase
shifters can be employed to actively compensate for wavelength
drift and maintain stable operation with additional power consump-
tion. Approximately 7.2 mW of DC power per ring is required to
fine-tune a resonator over half of its FSR using the integrated ther-
mal heater, as estimated through simulations conducted with the
GF45CLO PDK. In addition, thermal crosstalk can be minimized,
in practice, through careful physical design, where microring res-
onators are placed at optimized distances to limit heater-induced
interference. Together, these techniques indicate that resonance
non-uniformity and environmental drift can be effectively managed
in large-scale OptiCAM arrays.

D. Applications and comparison
OptiCAM, such as content-addressable memory (CAM) archi-

tectures more broadly, has widespread use in systems that demand
rapid, parallelizable memory access, such as low-latency packet
processing,7,8 data compression,10 and caching.9 These architectures
rely on a powerful principle, where memory is retrieved not by local-
ity, but through information content. This principle also appears
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fundamental to associative memory in the mammalian brain. Exper-
imental neuroscience suggests that the hippocampus functions as
a biological content-addressable memory.63 Neurons in this region
form distributed, high-dimensional codes that aggregate the “what,”
“when,” and “where” of experiences into integrated spatiotempo-
ral memories. This enables the hippocampus to efficiently encode,
preserve, and infer the sequential order of experiences.

This section explores this application in detail, outlining how
neural principles are integrated with OptiCAM to enable real-time,
associative event-context recall. In this section, we focus on a specific
application of OptiCAM as a biologically inspired memory system
grounded in high-dimensional neural codes. Instead of traditional
binary keys or headers, OptiCAM stores and retrieves 16-bit vectors
that emulate the distributed representations observed in neural cir-
cuits.64 These vectors encode both event and contextual information,
enabling content-driven retrieval of temporal memories. We out-
line how neural principles are integrated with OptiCAM to enable
real-time, associative event-context recall.

The efficacy of OptiCAM for hippocampus-inspired memory
mechanisms is evaluated through two complementary task evalua-
tions, each targeting a distinct memory function: associative retrieval
and temporal indexing. These tasks leverage high-dimensional neu-
ral codes to simulate the binding and recall of episodic memory
traces.

Task evaluation 1: Associative event-context recall. In the first
task evaluation, OptiCAM’s memory is preloaded with a fixed set
of event-context neural codes. Each stored item binds the visual

identity of a shape (e.g., circle) with the contextual information in
which it appeared (e.g., time step 0). As a result, every memory row
encodes two key elements: the event and its context, regardless of
spatial or sequential locality in memory. During recall, OptiCAM is
presented with candidate event-context pairs and must classify each
as either “in sequence” (i.e., present in memory) or “out of sequence”
(i.e., not previously stored). This task highlights OptiCAM’s ability
to perform low-latency, parallel associative searches, a key feature of
content-addressable memory systems.

Task evaluation 2: Content-based temporal indexing. In the
second task evaluation, OptiCAM’s memory is again preloaded
with a fixed set of neural codes, but this time, each memory line
stores only the event. The temporal context is implicitly encoded
by the row index in which the event is stored, corresponding to its
occurrence in a sequence (e.g., index 0, 1, 2, . . .). During recall, Opti-
CAM receives an event query and must infer the associated time of
occurrence by retrieving the memory index in which the event was
stored. This task evaluates OptiCAM’s capacity to infer “when” from
“what,” mirroring the hippocampal functionality for content-driven
temporal recall.

The mathematical formalism behind neural codes for event-
context encoding in this work is grounded in Hyperdimensional
Computing (HDC), a brain-inspired computational paradigm that
represents information using high-dimensional binary vectors.65

Rooted in cognitive science and Vector Symbolic Architectures
(VSAs), HDC is motivated by the observation that the brain encodes
information through distributed activation across large populations

FIG. 10. Example application of OptiCAM for hippocampus-inspired memory mechanisms. (a) Events and their associated contexts encoded as distinct shapes and
recognition times, respectively. (b) Events and contexts transformed into high-dimensional binary hypervectors. (c) Event-context pairs bound via the XOR operation and
compared using Hamming distance. (d) Task evaluation 1: event-context associations uncorrelated with memory locality. (e) Task evaluation 2: event-context associations
correlated with memory locality.
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of neurons. This process results in representations that are inher-
ently robust to noise, generalize well, and support massively parallel
operations.64

In HDC, discrete symbols, such as the events and con-
texts relevant to hippocampus-inspired learning, are represented
by randomly generated high-dimensional vectors that are quasi-
orthogonal, enabling distinct and unambiguous representations.
Complex structures, such as event-context associations, are formed
through binding operations. For instance, a temporal memory trace
can be created by binding an event vector E with a time or con-
text vector C using a bitwise XOR operation. Critically, because
HDC representations preserve distributed similarity, memory recall
is performed by comparing a query vector to stored vectors using
a similarity metric, such as Hamming distance. A low Hamming
distance between a query and a stored memory trace suggests a
likely match. This property aligns directly with the hardware-level
operations of OptiCAM, which perform massively parallel bitwise
comparisons between stored and queried vectors to support fast and
efficient associative recall.

As illustrated in Fig. 10, both task evaluations are scaled to sup-
port a full space of 16 distinct visual events (shapes) and 16 unique
temporal contexts, resulting in 256 possible event-context combi-
nations. Our task evaluations leverage the aforementioned HDC
encoding methods, where each unique event and context is stored
in a randomly generated binary vector. Event and context asso-
ciations are created by binding the individual event and context
vectors with an element-wise XOR operation. In task evaluation 1,
OptiCAM accurately identifies whether a given event-context pair
was previously stored in memory, regardless of its storage location,
demonstrating robust associative recall without regard for mem-
ory locality. In task evaluation 2, OptiCAM successfully retrieves
the correct temporal index for each queried event, confirming its
ability to perform content-based temporal inference where memory
locality encodes additional information. We created a Python-based
software simulation, where OptiCAM achieves 100% accuracy in
both associative event-context recall and event-based contextual
indexing. These results, along with the latency and energy esti-
mations from Table I, underscore OptiCAM’s capacity to encode,
store, and retrieve structured episodic traces in a biologically plau-
sible and hardware-efficient manner with an order of magnitude
reduction in search latency compared to the existing electronic
CAM implementations.

IV. CONCLUSION
In summary, we propose two optical content-addressable

memory (OptiCAM) architectures capable of performing massively
parallel search operations between stored and input data. In one
approach, we use dual wavelengths to encode the input data with
a single compute microring resonator, while in the other, a single
wavelength is employed alongside two compute microring res-
onators to execute the CAM operation. Our CAM designs are
inherently scalable and can be configured for arbitrary vector sizes
by aggregating bitcell outputs through the electrical domain via pho-
todiodes to produce binary decisions. In addition, we introduce a
sectioned analog CAM architecture—a novel approach that not only
enhances scalability for CAM implementations but also serves as a
general solution to circumvent the wavelength constraints of a single

FSR, making it valuable for broader photonic tensor core appli-
cations. Our CAM achieves search operations within 100 ps and
consumes ∼100.9 fJ per bit. Overall, this work offers a promising
path toward enabling high-speed, energy-efficient associative search
and compute in emerging photonic systems.
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