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Abstract

High-density optical disc storage technology, as a crucial component of cold
data storage, demonstrates significant advantages within the context of new
quality productive forces. Its green energy-saving, ultra-long-term preservation,
and low-cost characteristics offer efficient solutions for massive cold data man-
agement. However, with the explosive growth of data volume and the rapid
advancement of emerging storage technologies, conventional optical disc read-
back signal processing methods face severe challenges regarding speed, noise
suppression, and resource efficiency. This paper addresses the requirements
of new quality productive forces for high-performance, intelligent, and green
data storage, and proposes two innovative parallel optical disc readback signal
processing methods based on high-level synthesis (HLS) technology. Firstly, a
parallel partial response maximum likelihood (PRML) signal processing method
based on HLS is designed, which enhances signal processing speed by approxi-
mately 2.99 times through pipeline optimization, dataflow, and parallel comput-
ing strategies, thereby significantly improving data access efficiency. Secondly, a
parallel neural network maximum likelihood (NNML) signal processing method
based on HLS is proposed, which effectively suppresses nonlinear noise inter-
ference through a neural network equalizer, reducing the average bit error rate
by approximately 30% and enhancing signal processing quality. Experimental
results indicate that the parallel PRML method achieves a processing speed of
144.50 Mb/s, while the parallel NNML method delivers superior bit error rate
performance, with each approach offering distinct advantages in resource con-
sumption and performance. This study not only provides novel insights for the
high-performance and intelligent evolution of optical disc storage technology,
but also serves as an important reference for the innovation and development of
green data storage technologies under the new quality productive forces frame-
work.
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Abstract

High-density optical disc storage technology, as a critical component of cold data
storage, offers significant advantages in the context of new quality productive
forces, including energy efficiency, ultra-long-term preservation, and low cost,
making it an ideal solution for managing massive cold data. However, with
the exponential growth of data volume and the rapid development of emerging
storage technologies, traditional optical disc readback signal processing methods
face significant challenges in speed, noise suppression, and resource utilization.
Addressing the demands of new quality productive forces for high-performance,
intelligent, and green data storage, this paper proposes two innovative parallel
optical disc readback signal processing methods based on high-level synthesis
(HLS). First, a parallel partial response maximum likelihood (PRML) signal
processing method is designed, leveraging pipeline optimization, data stream-
ing, and parallel computing strategies to achieve a 2.99x speedup, significantly
enhancing data access efficiency. Second, a parallel neural network maximum
likelihood (NNML) signal processing method is introduced, which employs a
neural network equalizer to effectively suppress nonlinear noise interference, re-
ducing the average bit error rate by approximately 30% and improving signal
processing quality. Experimental results demonstrate that the parallel PRML
method achieves a processing speed of 144.50 Mb/s, while the parallel NNML
method exhibits superior bit error rate performance, each excelling in resource
consumption and performance metrics. This research not only provides novel
insights into the high-performance and intelligent evolution of optical disc stor-
age technology but also contributes to the innovation and development of green
data storage technologies in the era of new quality productive forces.

Keywords: Optical disc storage; high-level synthesis; data readout; signal
detection; neural networks; parallel processing
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1. Introduction
1.1 High-Level Synthesis Technology

Since 2011, FPGA high-level synthesis technology has made significant progress.
Xilinx, a leading global FPGA vendor, acquired the startup AutoESL Design
Technologies Inc., whose HLS tool AutoPilot was the first HLS tool based on
the emerging low-level virtual machine (LLVM) compiler infrastructure and has
been widely applied in FPGA engineering practice. Cong et al. proposed ad-
vanced HLS solutions for multiple application domains based on the AutoPilot
tool and Xilinx’ s domain-specific system-level experimental platform, marking
the beginning of HLS technology adoption in practical FPGA implementations.
The HLS synthesis process employs finite state machine principles to perform
logical analysis of algorithms implemented in high-level languages, followed by
hardware resource allocation to generate hardware circuits that implement the
algorithm.

The scheduling method plays a central role in the synthesis process. Cong
et al. proposed a scheduling approach that transforms scheduling constraints
into a system of difference constraints, enabling various optimization strategies.
Experimental results demonstrated that this method effectively supports con-
straints on resources, frequency, latency, and relative timing while optimizing
the longest path delay, expected total delay, and slack distribution. Zhang et
al. further advanced a scheduling framework based on differential constraint
systems that minimizes resource consumption in streaming synthesis, thereby
improving streaming synthesis speed.

FPGAs exhibit significant advantages in streaming data processing. HLS pro-
vides convenient streaming processing directives, enabling developers to imple-
ment FPGA hardware circuits without concerning themselves with RTL-level
streaming details, and has been widely applied across various data processing
domains. In machine learning, Sun et al. proposed a general framework called
FILM-QNN for quantizing and accelerating multiple deep neural network mod-
els on different embedded FPGA devices. This framework employs an intra-
layer mixed-precision quantization algorithm combined with various FPGA ar-
chitecture optimization techniques such as DSP packing, weight reordering, and
data packing to enhance overall throughput. Additionally, Hao et al. proposed
an automatic co-design methodology that utilizes HLS tools to generate syn-
thesizable C code for deep neural network FPGA accelerator design. Beyond
neural network acceleration, researchers have investigated other aspects of HLS
tools. Wong et al. proposed DONGLE, an HLS storage interface that enables
HLS programs to adapt to multiple storage devices, thereby improving code
library clarity and development efficiency. Xu et al. proposed a scalable linear
programming-based strategy that eliminates false stalls during HLS synthesis
of dataflow circuits, saving resource overhead during synthesis. Guo et al. pre-
sented a parallelization compilation framework using C/C++ HLS dataflow pro-
grams capable of generating complete compiled module layouts. Chi et al. pro-
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posed an efficient HLS-based method for implementing single-source shortest
paths on large-scale power-law graphs. Fibich et al. evaluated and discussed
the final hardware implementation performance of two freely available high-level
synthesis tools through four case studies.

In recent years, HLS technology has continued to evolve across multiple domains.
Brignone et al. proposed the SILVIA framework, which utilizes HLS-specific
LLVM transformation passes to automatically identify and exploit superword-
level parallelism, packing multiple operations into a single DSP and significantly
reducing resource utilization. He et al. developed the HLSTransform method,
achieving energy-efficient inference of the Llama 2 model on FPGA using HLS,
with speedups of 2.46x and 0.53x compared to CPU and GPU respectively,
while significantly reducing energy consumption. Zhao et al. proposed the
GNNHLS framework for evaluating graph neural network inference performance
on FPGA, achieving maximum speedups of 50.8x and 5.16x compared to CPU
and GPU baselines respectively. Lau et al. introduced the RapidStream IR
infrastructure, supporting pipelining of real designs at arbitrary levels and in-
tegrating HLS modules, vendor IPs, and handcrafted RTL designs to improve
design frequency and portability. Szafarczyk et al. studied dynamic loop fusion
techniques, proposing methods for implementing dynamic loop fusion in HLS
that effectively improve resource utilization and performance. While numerous
studies have accelerated neural network models using FPGAs, the core contri-
bution of this paper is not neural network model acceleration per se, but rather
proposing a system implementation scheme that differs from existing PRML
sequence detection techniques by incorporating neural networks. This work
represents the first systematic application of HLS to optical disc PRML signal
processing, proposing a modular, parallel, and scalable hardware architecture
that complements rather than duplicates existing work.

Currently, various novel optical storage technologies remain in the research and
exploration phase, lacking consideration of hardware implementation complex-
ity and cost. Existing commercial optical discs employ chip-packaged read /write
control chips, with key technologies lacking transparency, which hinders the de-
velopment of more compatible read/write technologies. Based on the mature
PRML detection algorithm from magnetic storage and optical disc data readout
processes, this paper employs flexible HLS tools for hardware implementation
of PRML detection algorithms while exploring the feasibility of applying neu-
ral networks in edge devices combined with PRML methods, evaluating their
detection effectiveness and hardware overhead. This research provides a scal-
able high-level synthesis-based parallel data readout solution for various optical
storage systems, offering significant reference value.

1.2 Optical Disc Readback Signal Processing Technology

In optical disc storage systems, existing PRML detection flow primarily includes
two key modules: an equalizer and a detector. The former suppresses and
eliminates inter-symbol interference in readback signals, while the latter detects
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and recovers written data from the equalized signals. To improve readback
signal quality and reading reliability, researchers have proposed various crosstalk
cancellation methods and detection algorithms.

For instance, Kim et al. proposed an improved decision feedback equalizer to
reduce crosstalk between information bits and validated the method’ s advan-
tages in processing speed and bit error rate through simulation analysis. Saito et
al. proposed an equalization method using multi-beam readout to eliminate adja-
cent track crosstalk, compensating signals through multiple optical pickup heads
to improve signal quality. Koonkarnkhai et al. proposed a method combining
two Turbo decoding iterations to compensate for crosstalk noise in readback sig-
nals, reducing noise impact. Nakthanom et al. proposed a multilayer perceptron
and minimum mean square error-based equalizer that utilizes multilayer percep-
trons to process nonlinear signal interference, effectively reducing inter-symbol
crosstalk in readback signals. Miyashita et al. early proposed an adaptive equal-
izer implemented using the least mean square (LMS) algorithm and applied
it to the PRML flow, significantly reducing system bit error rate. Reddy et
al. proposed a high-speed feedforward Viterbi detector employing traceback ar-
chitecture and utilizing FPGA hardware resources for acceleration. Experimen-
tal results showed this decoder effectively reduces decoding latency. Mozaffari
et al. proposed a method incorporating resource overhead clipping in Viterbi
algorithm hardware implementation to further reduce latency.

In recent years, optical disc data readout technology has made significant
progress in high-resolution data writing and signal acquisition. The Shanghai
Advanced Research Institute of the Chinese Academy of Sciences proposed
a sub-diffraction-limit optical storage readout method based on polarization
modulation. This method achieves sub-resolution data readout with 500 nm
spacing by controlling the polarization characteristics of reflected signals, with
readout speeds approximately 15x faster than traditional fluorescence methods.
However, this method still faces challenges, such as dependence on material
polarization modulation characteristics that may limit its applicability across
different material systems.

An important advancement in optical disc data writing is super-resolution
three-dimensional optical storage technology. The Shanghai Institute of Optics
and Fine Mechanics of the Chinese Academy of Sciences, in collaboration with
Shanghai University of Science and Technology, developed dual-beam regulated
aggregation-induced emission storage technology, achieving super-resolution
data storage with a spot size of 54 nm and track pitch of 70 nm, and completed
100-layer multilayer recording with a single-disc equivalent capacity reaching
1.6 Pb, breaking the optical diffraction limit. Despite breakthroughs in storage
density, this technology still faces practical application issues, such as potential
signal interference and increased bit error rates during readout due to multilayer
recording, and the long-term stability and durability of aggregation-induced
emission materials require further verification. Additionally, the glass-ceramic
storage technology developed by German startup Cerabyte demonstrates
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exceptional durability in extreme environments. This technology employs laser
etching of nanoscale ceramic layers on ultra-thin glass chips, resisting harsh
conditions such as high temperatures and saltwater corrosion while maintain-
ing data integrity, making it suitable for long-term cold data preservation.
However, this technology remains in early stages, with relatively low storage
density and limited write speeds, and faces challenges in large-scale production
and cost control.

Microsoft” s Project Silica utilizes femtosecond lasers to inscribe three-
dimensional nanostructures in quartz glass, achieving high-density storage of
approximately 7 TB per glass plate. This technology permanently stores data
by altering the internal structure of glass, offering extremely high durability
and stability. However, Project Silica still faces challenges. Since data is
stored in digital form without applicable equalization and detection processes,
error correction remains necessary to prevent file corruption from bit errors.
Additionally, complex readout technology must be preserved long-term along
with the glass medium, including decoding, optical readers, and machine
learning algorithms. These dependencies may create difficulties in future
data access. Shanghai Jiao Tong University proposed a deep learning-based
error-free long-lifespan optical storage scheme that uses femtosecond lasers to
write nanostructures in fused silica and deep neural networks for high-precision
readout. However, its high technical complexity prevents comparison with
commercial optical disc technology, and it has not resolved mass production
and cost issues, making it less practical than current optical disc detection
technologies.

In summary, optical disc data readout technology continues to evolve in sig-
nal acquisition and detection, from traditional algorithm optimization to novel
technology introduction, aiming to improve storage density and signal quality,
reduce bit error rates, and control hardware resource consumption. Future inte-
gration with HLS technology and new methods promises to further enhance op-
tical disc storage system performance and efficiency. Despite extensive research
on PRML signal processing flows, neural network equalizer design, and HLS tool
optimization, several major challenges remain. First, traditional PRML signal
processing methods primarily address linear channel noise, with limited equaliza-
tion effectiveness and bit error rate performance when facing complex interfer-
ence from high-density optical disc recording, such as inter-symbol interference
and nonlinear distortion. Second, while neural networks have been introduced
to improve equalization capability, issues such as high hardware implementa-
tion complexity, large resource consumption, and poor deployment flexibility
remain prominent. Particularly in FPGA resource-constrained scenarios, deep
network structures are difficult to effectively map into high-performance, low-
latency circuit architectures. Furthermore, existing research primarily focuses
on algorithm-level performance improvements, lacking systematic discussion on
modular design complexity, cross-module data synchronization bottlenecks, and
the trade-off between fixed-point precision and bit error rate when applying HLS
to large-scale data stream signal processing. Therefore, there is an urgent need
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to propose a scalable optical disc readback signal processing framework that bal-
ances processing quality and resource efficiency, capable of adapting to practical
application scenarios such as multi-module parallelism and high-density readout
under cold data storage requirements.

To address these challenges, this paper proposes a scalable high-level synthesis-
based parallel data readout method for cold data storage optical discs, utilizing
HLS technology for efficient processing of optical disc readback signals. This
method improves signal processing speed and reduces hardware resource con-
sumption through streaming processing and parallelization design, offering good
portability and scalability. Additionally, this paper combines neural network
equalizers with Viterbi detectors to further improve readback signal quality
and reduce bit error rates. Compared with existing technologies, the proposed
method demonstrates clear advantages in system complexity, compatibility, and
manufacturing cost, providing a new solution for efficient and reliable optical
disc readback signal processing.

2 HLS-Based Parallel PRML Processing Method

Existing optical disc PRML signal detection systems primarily consist of an
equalizer module and a detector module. The equalizer module denoises optical
disc readback signals to significantly improve signal quality, while the detector
module recovers signals from the equalized readback signals. The PRML signal
processing flow for BDXL Blu-ray discs is illustrated in Figure 1 [Figure 1: see
original paper]. The readback signal from the optical pickup head undergoes
adaptive equalization for signal shaping, making the readback signal quality
approach the ideal channel signal. The equalized signal then passes through a
Viterbi detector to obtain the recovered write sequence. The recovered write
sequence is convolved with the partial response target of BDXL discs to generate
the ideal channel signal. The difference between the ideal channel signal and
the readback signal yields the error e, which is then fed back to the adaptive
equalizer for coefficient updates.

2.1 HLS-Based Adaptive Equalizer Implementation

The implementation of an optical disc adaptive equalizer can be divided into
two parts: signal equalization and equalizer tap coefficient updates. For signal
equalization, the optical disc equalizer belongs to the class of finite impulse
response filters, operating on the principle of convolving a signal with a set of
coefficients to make the signal conform to the ideal channel signal. For equalizer
tap coefficient updates, adaptive updating requires an ideal signal as the target.

The HLS-based adaptive equalizer module decomposition is shown in Figure 2
[Figure 2: see original paper|. The equalizer module performs convolution on
readback signals using a set of tap coeflicients, while the equalized signal am-
plitude mapping module quantizes the amplitude of equalized signals to match
the amplitude level of Viterbi detector state transitions. The ideal signal con-
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volution module receives the write sequence recovered by the Viterbi detector
and convolves it with the partial response target to obtain the ideal signal. The
ideal signal amplitude mapping module functions similarly to the equalized sig-
nal amplitude mapping module, scaling the ideal signal amplitude to the same
level as the readback signal. After receiving the readback signal and mapped
ideal signal, the equalizer tap coefficient update module updates the equalizer
coefficients and passes the updated coefficients back to the equalizer module.

After implementing each module’s functionality through HLS, they are deployed
into FPGA via IP core generation. Each module receives a clock signal, and ev-
ery clock cycle, all modules execute one data computation in parallel. Therefore,
in HLS implementation, decomposing an overall module into sub-modules where
each sub-module performs only one type of data computation can significantly
improve the overall module’ s computational parallelism, thereby enhancing
system operating speed.

During the convolution computation in the equalization module, a total of 13
multiplications and additions are performed. Since these multiply-accumulate
operations belong to the same operation type, they can be executed in parallel
simultaneously. Block Random Access Memory (BRAM) in FPGAs can store
data, but BRAM typically has at most two read ports, limiting readout rate if an
array is stored in a single BRAM. The HLS ARRAY_{PARTITION} directive
maps array data to different BRAMSs, enabling simultaneous data reading from
the same array.

As shown in Figure 3 [Figure 3: see original paper], using BDXL discs as an
example, the 13 tap coefficient arrays of the equalizer are mapped into different
BRAMs. The array temporarily storing readback signals also has a length of 13
and is mapped to different BRAMs. Since both arrays are mapped to different
BRAMSs, the 13 multiplications can execute in parallel. After multiplication
completes, the results are placed into array ¢, which is also mapped to different
BRAMs. During addition operations, values can be fetched in parallel and then
summed sequentially to finally obtain the equalized signal.

From Figure 3, the array storing readback signals has the same length as the
tap coefficient array. However, the entire readback signal sequence is far longer
than the tap coefficient array length. To avoid storing all readback signals, a
shift register approach is proposed for readback signal storage. As shown in Fig-
ure 4 [Figure 4: see original paper], the temporary array is initially zero-valued.
When the equalizer module begins computation, it fetches the first readback
signal value r; from the FIFO queue, performs parallel multiply-accumulate
operations to obtain the first equalized signal y,;, then shifts all values in the
temporary array rightward, and fetches the readback signal r,. The same com-
putation yields y,. When retrieving readback signal r, it overwrites r;, and
finally computes y,5. Since the temporary array is mapped to different BRAMs,
the rightward shift and overwrite process of all values in the temporary array
also executes in parallel. This shift register approach eliminates the need to
store all readback signals, and because the readback signal overwrite process is
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parallel, the hardware resource consumption and latency of the equalizer module
implemented this way are significantly reduced.

After computing the equalized signal sequence 3, it must pass through the equal-
ized signal amplitude mapping module to obtain the mapped signal sequence ¥,
which scales the equalized signal amplitude to the same level as Viterbi detec-
tor state transition amplitudes. Using BDXL as an example, when the partial
response target is [1,2,2,2, 1], the state transition amplitude reaches its max-
imum during the transition from state b'1111 to 1111, receiving a bit value
of 1. Therefore, the state transition amplitude is the convolution of sequence
[1,1,1,1,1] with [1,2,2,2,1], yielding a maximum state transition amplitude of
8. Similarly, the minimum state transition amplitude is 0, corresponding to the
transition from state 50000 to b'0000. The equalized signal amplitude mapping
module must employ normalized computation to scale the 3 sequence amplitude
between 0 and 8. The computation from ¥ sequence to 3’ sequence is shown in
Equation (1):

7 = yimln(g-/) .8
max(y) — min()

From Equation (1), computing §’ sequence requires first obtaining the maxi-

mum and minimum values of the y sequence. Therefore, the equalized signal

amplitude mapping module needs to store a certain number of equalized signals.

The equalizer tap coefficient update module requires the error between the ideal
signal and readback signal to update coefficients. The readback signal can be
stored in BRAM within the equalizer tap coefficient module, while the ideal
signal must be calculated through the ideal signal convolution module and ideal
signal amplitude mapping module. The ideal signal convolution module imple-
mentation mirrors the equalizer module, with the i-th ideal signal computed as
shown in Equation (2):

13
9= c;x PR,
j=1

where PR, represents the j-th partial response target value. The ideal signal
amplitude mapping module implementation follows the same principle as the
equalized signal amplitude mapping module but scales within the range of -1 to
1, as shown in Equation (3):

2 g_m1n<§) x2—-1
max(3) — min(g)

After computing the ideal signal, the error e is calculated as shown in Equation

(4):
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e=y—g

The equalizer tap coefficient update module updates coefficients using the error
between the ideal signal and readback signal. The coefficient update formula is
shown in Equation (5):

Civ1, = Cij— I X sign(e;) x Tioji7

where ¢, ; represents the j-th tap coefficient during the (i+1)-th update, and
sign is the sign function.

2.2 HLS-Based Viterbi Detector Implementation

As shown in Figure 5 [Figure 5: see original paper], the Viterbi detector is de-
composed into three modules: forward iteration computation module, traceback
module, and detection sequence reversal module, connected via FIFO queues.
This FIFO connection enables data streaming between modules, reducing overall
Viterbi detector latency. To better represent the Viterbi detector module decom-
position, Figure 5 includes the equalization module (comprising the equalizer
module and equalized signal amplitude mapping module) and the equalization
coefficient update module (comprising the ideal signal convolution module, ideal
signal amplitude mapping module, and equalizer tap coefficient update module).

The HLS-based forward iteration computation module is shown in Figure 6 [Fig-
ure 6: see original paper|. In the HLS implementation, each state’ s transition
direction and transition amplitude are placed in separate arrays, with the AR-
RAY_{PARTITION} directive mapping both arrays’values to different BRAMs.
To facilitate traceback algorithm operation, the previous moment’ s state must
be recorded during forward computation. To better implement this in HLS, the
state transition computation method in Viterbi forward calculation is modified.
As shown in Figure 6, the yellow dashed boxes represent Viterbi algorithm com-
putation unit storage patterns, with upper boxes indicating current states and
lower boxes indicating transition directions. Using state 5’0000 in the green box
as an example, the current moment state 5’0000 can transition from the previ-
ous moment state 5’0000 receiving a bit 0, or from the previous moment state
b’1000 receiving a bit 0. During computation, the previous moment state 5’0000
state metric computation unit receives the equalized signal and calculates the
state transition amplitude SM(0,0) from state 5’0000 to b'0000. The previous
moment state b'1000 state metric computation unit receives the equalized sig-
nal and calculates the state transition amplitude SM(0,4) from state b'1000
to 5’0000. The corresponding path metrics PM, and PMjg are fetched from
path metric storage BRAM and added to obtain two source direction transition
amplitudes for the current moment state b'0000, denoted as a and b. If a is less
than b, the current moment state 5’0000 transitioned from the previous moment
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state 0’0000, and its transition direction is recorded as 0. Other states follow
the same forward computation method as state ’0000.

The traceback module receives traceback information from the forward compu-
tation module. If the forward computation module receives k equalized signals,
to recover the corresponding write sequence, the traceback module must first
store k traceback information outputs from the forward computation module,
then select any valid state as the starting state, execute the traceback algo-
rithm based on its traceback information, and finally obtain k write sequences.
As shown in Figure 7 [Figure 7: see original paper], when each state’ s forward
computation completes, the forward computation unit places the previous mo-
ment’ s transition direction information into the corresponding bit position. For
example, after completing forward computation for state b’1111, it is placed
in the bity; position (the most significant bit of traceback information), while
state b'0000” s previous moment transition direction information is placed in the
bit, position (the least significant bit). The traceback information placement is
accomplished through shifting: bit,5 is shifted left by 15 bits to the most signif-
icant bit position, while bit, requires no shifting to occupy the least significant
bit position. To facilitate this shift-based traceback information composition,
the actual HLS implementation uses 16-bit traceback information instead of 10
bits, enabling state direction transition information to be shifted directly by the
state’ s decimal value, eliminating additional computation during traceback in-
formation composition. After all state transition direction information is placed,
the traceback information is assembled and output to the traceback module by
the forward computation module.

After traceback information enters the traceback module, since it is a 16-bit
integer data composed of each state’s transition direction, the traceback module
must employ indexing to execute the traceback algorithm. As shown in Figure 8
[Figure 8: see original paper], the index table has two layers: the upper layer is
the index table for transition direction 0 with initial index 0, and the lower layer
is the index table for transition direction 1 with initial index 0. To conveniently
illustrate the traceback algorithm execution, an example is provided. When
traceback information is parsed as 19 (binary representation 10011) and the
traceback starting state is 5’0000, the received transition direction is 1. The
previous moment state of 40000 must be found in the index table for transition
direction 1. In the index table design, the index value corresponds exactly to
the state value. Therefore, b’0000° s previous moment state is the value at
index 0 in the transition direction 1 index table, which is 8 (binary 5"1000).
Similarly, when state b'1000 searches for its previous moment state, it obtains
transition direction 1 from the traceback information and must search in the
transition direction 1 index table. With an index value of 8, its previous moment
state is 12 (binary 5"1100). After traceback completes, the recovered write
sequence consists of the least significant bits from each traceback state’ s binary
representation. For example, when traceback information is 19, the recovered
write sequence is 001111.
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After traceback module execution, since the recovered write sequence is obtained
through traceback algorithm, the sequence is reversed. Therefore, the traceback
module outputs the sequence to the detection sequence reversal module for data
flipping. The detection sequence reversal module functions simply: it receives
the write sequence and outputs it in reverse order. The design philosophy of the
entire HLS-based Viterbi detector is dataflow execution between modules and
pipelined execution within modules. This design determines that the more mod-
ules are decomposed, the lower the overall system latency, hence the detection
sequence reversal module is also implemented as a separate module.

2.3 HLS-Based Parallel PRML Signal Processing Method Implemen-
tation

The adaptive equalizer module and Viterbi detector module combine to form
the optical disc PRML signal processing system. In the HLS-based adaptive
equalizer module and traceback Viterbi detector module design, to achieve low
latency and low hardware resource consumption for the entire PRML system,
a decomposition approach is implemented: large modules are broken into mul-
tiple small modules with dataflow between small modules and pipelined com-
putation within each small module. Each small module performs only partial
computation or logic judgment, with at most three loop statements in program
implementation (specific data provided in subsequent sections). After decom-
posing large modules into small modules, since each small module can receive
a clock signal, every clock cycle each small module executes one computation,
and FIFO queues connect each pair of small modules, making their execution
independent. When the PRML system begins execution, small modules can
operate in parallel, thereby reducing overall system latency. Beyond module de-
composition, computation within small modules employs pipelining, where some
computation steps execute in parallel between two data computations, reducing
latency of individual small modules and consequently the entire system.

Through decomposition into multiple small modules combined with internal
pipelining, optical disc PRML system latency is significantly reduced, achieving
one recovered write bit per clock cycle, which essentially reaches the computa-
tional limit of a single PRML module. To further improve optical disc readback
signal processing speed, a parallel PRML processing method is proposed, em-
ploying multiple PRML modules executing in parallel. Optical disc readback
signal processing lacks continuity; after meeting the minimum Viterbi forward
computation depth, readback signals can be recovered in blocks with correctness
essentially equivalent to full recovery. Therefore, while maintaining bit error
rate, parallel execution of multiple PRML modules can further improve overall
optical disc readback signal processing speed.

As shown in Figure 9 [Figure 9: see original paper], using three parallel PRML
modules as an example, a readback signal distribution module is introduced
before the parallel PRML computation modules. Signal distribution is achieved
by outputting a specified number of readback signals: after outputting a des-

chinarxiv.org/items/chinaxiv-202512.00067 Machine Translation


https://chinarxiv.org/items/chinaxiv-202512.00067

ChinaRxiv [$X]

ignated number of readback signals to one PRML module, it switches to the
next PRML module for readback signal output. The number of output read-
back signals must satisfy the minimum Viterbi algorithm forward computation
depth, which varies with disc density—higher density requires larger values, lower
density requires smaller values. After the Viterbi detector recovers the equal-
ized signal output from the equalization module into a 0/1 sequence, the recov-
ered write sequence merging module receives all recovered write sequences in a
quantity-based manner. If the readback signal distribution module distributes
k readback signals to each PRML module, the merging module must receive k
recovered write sequences from each PRML module in the order of the distribu-
tion module’ s output. Assuming the readback signal distribution module first
outputs k readback signals to PRML module #1, then to modules #2 and #3,
the merging module must receive k recovered write sequences from module #1,
then from modules #2 and #3, ensuring the recovered write sequences remain
ordered. This readback signal distribution and recovered sequence merging ap-
proach increases latency of the overall parallel PRML computation module, but
the parallel PRML signal processing method makes this increased latency neg-
ligible, thereby improving overall signal processing speed.

The readback signal distribution module and recovered write sequence merging
module are implemented through FIFO queue connections. As shown in Figure
10 [Figure 10: see original paper], using FIFO queues eliminates the need for
control signal connections between the readback signal distribution module and
each equalizer module. Direct connection would raise questions about when the
distribution module should output signals to the equalizer module. Since FIFO
queues provide a native data-empty signal interface, the equalizer module can
determine via the FIFO queue interface whether data exists in the current FIFO
queue. If no data, it waits for input; if data exists, it receives the data and be-
gins equalization. Simultaneously, the distribution module need not determine
whether the equalizer module has completed execution—it simply outputs signals
to FIFO queues connected to each equalizer module in sequence, requiring only
appropriate FIFO depth configuration based on actual system runtime needs
to prevent blocking. In addition to the distribution module-equalizer module
connection via FIFO queues, each Viterbi detector module and the recovered
write sequence merging module also connect through FIFO queues. The im-
plementation of equalizer modules, Viterbi detector modules, and equalization
coefficient update modules follows the previously described methods.

3 HLS-Based Parallel NNML Processing Method
3.1 Neural Network-Based Equalization Method

In PRML signal processing, the equalizer aims to make readback signals ap-
proach the ideal signal without ISI, enabling subsequent detectors to recover
the signal into a 0/1 sequence. As optical disc density and readback signal ac-
quisition rates increase, adaptive equalization methods cannot effectively elim-
inate nonlinear noise interference in optical disc readback signals, degrading

chinarxiv.org/items/chinaxiv-202512.00067 Machine Translation


https://chinarxiv.org/items/chinaxiv-202512.00067

ChinaRxiv [$X]

signal processing quality. To improve equalizer processing quality, this section
proposes a neural network equalizer constructed based on readback signal sam-
ple blocks and system characteristics affecting readback signals, implemented
in hardware using HLS and accelerated through parallel computation methods.
The neural network equalizer replaces the adaptive equalizer; therefore, aside
from equalizer replacement, other processing steps remain unchanged.

The neural network equalizer training method is shown in Figure 11 [Figure 11:
see original paper]. To collect training datasets, a random sequence generation
function produces original 0/1 bit sequences through modulo operations. The
original bit sequences undergo 17PP modulation encoding and NRZI transfor-
mation to obtain the original write sequence (recorded bits). To reduce training
time, readback response coefficient sequences replace impulse response functions
in readback signal generation, convolving recorded bits with readback response
coefficient sequences to generate readback signals, then adding noise to better
approximate real physical signals. After the entire recorded bit sequence is con-
volved with the readback response coefficient sequence and noise is added to
obtain the readback signal sequence, the readback signal sequence is fed into
the neural network for training, with the output layer producing predicted re-
sults. To obtain error feedback during training, true labels (ground truth) are
required. In adaptive equalizers, the target is the ideal signal obtained by con-
volving the partial response target with the write sequence. Since the ideal
signal represents the optimal channel signal, in neural network equalizer train-
ing, the ideal signal obtained by convolving the partial response target with
recorded bits serves as the ground truth label. The difference between the label
and prediction yields the required training error, which then trains the neural
network equalizer through backpropagation.

To meet neural network equalizer training requirements, readback signal se-
quences require preprocessing. As shown in Figure 12 [Figure 12: see original
paper], assuming the readback signal sequence length is K, C readback signals
are extracted sequentially from left to right to form a sample sequence, with
the sampling interval length being C'. The sampling interval slides across the
readback signal sequence from left to right with a step size of 1, a process
called equalization sampling, with the interval length termed sampling length.
Each sample sequence serves as a training sample input to the neural network
equalizer, with amplitude range scaled to between 0 and 1 through mapping.
Different grayscale values in Figure 12 represent different readback signal val-
ues, all floating-point data. Through step-size-1 sampling, the final training
sample matrix size is C' x S, where S is calculated as shown in Equation (6):

S=K-C+1

The neural network equalizer training outputs S predictions, each requiring
a corresponding true label. Therefore, the number of true labels is also S,
obtained by convolving the partial response target across the recorded bit se-
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quence with a step size of 1 from left to right. The label corresponding to a
prediction from a sample sequence is obtained by convolving the bit sequence
at the corresponding position with the partial response target, maintaining a
one-to-one relationship. For unified computation, label values are also scaled
to floating-point data between 0 and 1. Since label computation relates to the
partial response target, target selection must correlate with actual optical disc
channels for optimal training effectiveness. Different disc types have different
partial response targets; for example, BDXL discs use [1,2,2,2,1], while BD-
ROM discs use [1,4,6,4,1].

For optimal performance, a separate neural network equalizer is trained for each
specific signal-to-noise ratio (SNR) using the Levenberg-Marquardt backpropa-
gation algorithm. The network adopts a typical shallow feedforward structure:
one hidden layer, one input layer, and one output layer. The input layer contains
9 neurons corresponding to 9 readback sampling points, with a single output
neuron calculating the equalized signal for the center bit. Full connectivity is
employed between layers. The hidden layer uses hyperbolic tangent sigmoid
activation (tansig) to simulate the bipolar characteristics of magnetic recording.
The output layer activation function performs linear scaling, mapping equalized
output to the -1 to +1 range. The loss variation curves during training for
BD-ROM and BDXL equalizer networks are shown in Figure 14 [Figure 14: see
original paper|, demonstrating good generalization capability. The loss func-
tion variation curves during training show that the model’ s mean squared error
(MSE) on validation and test sets decreases synchronously with the training
set, converging to similar low levels. This indicates the model does not overfit
training data but learns universal features of nonlinear crosstalk in optical disc
channels. Furthermore, the model maintains error levels on unseen test data
(approximately 1072 magnitude) similar to the validation set, further proving
reliable generalization capability. This robust performance ensures the neural
network equalizer can effectively handle nonlinear distortion in optical disc read
channels during actual deployment.

Based on the above methods for constructing training datasets and correspond-
ing labels, this section proposes a basic three-layer neural network equalizer
structure, as shown in Figure 13 [Figure 13: see original paper]. 7# = {r;|i =
1,2,..., K} is the input sample sequence, where each sample signal in the input
layer connects to hidden layer neurons via full connectivity. The number of
hidden layer neurons equals the number of input samples. The hidden layer
includes a normalization unit, linear computation unit, and activation unit. To
reduce computation latency across multiple neuron layers, the neural network
equalizer adopts a three-layer structure containing only one hidden layer to learn
nonlinear crosstalk in the readback process. The three-layer perceptron struc-
ture ensures nonlinear fitting capability while avoiding latency and resource
overhead from overly deep networks, making it suitable for edge deployment.
The readout architecture adopted in this study conforms to ISO international
standards for optical disc channel characteristics, simply replacing the existing
finite impulse response (FIR) equalizer with a neural network equalizer. Neural
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network equalizer training used 819,200 samples, with 70% for training, 15% for
validation, and 15% for testing. Each sample contains 9 sampling points from
the readback window and one corresponding center recorded bit.

3.2 HLS-Based Parallel NNML Signal Processing Method Implemen-
tation

In neural network equalizer signal processing, combining the neural network
equalizer with a Viterbi detector and leveraging the block-processable nature of
readback signals enables parallel NNML signal processing, as shown in Figure
15 [Figure 15: see original paper]. The Viterbi detector module implementation
mirrors that described in Section 3. The readback signal distribution module
still distributes readback signals through counting, and the recovered write se-
quence merging module still merges sequences through counting.

The neural network equalizer design is shown in Figure 16 [Figure 16: see origi-
nal paper]. After receiving the readback signal sequence 7, the hidden computa-
tion layer module performs linear computation with the tansig activation layer
module as shown in Equation (7), outputting sequence ¥ :

7, = tansig(W, x 7+ b;)

In the hidden computation layer module, all weight values in matrix W,
and all bias values in Bl are placed in separate arrays, with the HLS AR-
RAY_{PARTITION} directive mapping array data to different BRAMs to
prevent data read blocking in subsequent computations. After receiving inter-
mediate computation value ¢ sequence, the activation layer applies the tansig
function to each data element, then outputs the activated y; sequence. The
tansig activation layer module employs a lookup table approach to approximate
the tansig function, reducing activation layer computation latency. After
receiving the hidden layer output y; sequence, the linear computation layer
module performs linear computation as shown in Equation (8):

Yo = Wy X Yy + by

Similar to the hidden computation layer module implementation, the linear com-
putation layer module stores weight vector w, and bias by in different BRAMs.
All weight and bias values are obtained from neural network equalizer training
—after training completes, model parameters are saved, exported as text, and
finally input into each neural network equalizer computation layer in the HLS
implementation. Model parameters exported after training are floating-point
data. To reduce computation latency, these parameters are represented using
fixed-point data formats in HLS implementation. To scale the neural network
equalizer output back to the original data range, an inverse mapping operation
follows linear layer computation. In the HLS neural network equalizer imple-
mentation, data mapping module 1 receives intermediate computation value
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v sequence and performs inverse mapping computation to restore data to the
initial range, as shown in Equation (9):

§ = = x (max(§) — min(5)) + min(j)

To reduce neural network equalizer computation latency, the hidden computa-
tion layer module design method is shown in Figure 17 [Figure 17: see original
paper]. The two-dimensional weight matrix W is decomposed row-wise. As-
suming matrix W, has size n x n, each weight vector has length n, totaling
n weight vectors. Each computation unit contains one weight vector’ s data,
stored in different BRAMs. When a computation unit receives readback sig-
nals, it executes multiply-accumulate operations. This decomposes the original
n multiply-accumulate computations in W; x 7 into n computation units exe-
cuting one multiply-accumulate in parallel. Since each computation unit must
perform multiply-accumulate on the same readback signal sequence, a readback
signal replication module is designed with multiple streaming output interfaces.
Whenever it reads one original readback signal, it outputs identical amplitude
readback signals through multiple streaming interfaces to different computation
units, which execute computations simultaneously. Computation units employ
shift registers for readback signal reception, combined with FIFO connections
to enable dataflow of input and output data. In this weight matrix W, de-
composition design across different computation units, since each computation
unit operates in parallel, computation latency does not increase even when the
number of hidden layer neurons grows.

Each computation unit’ s output is processed by the tansig activation function,
followed by linear superposition. The tansig computation in this paper involves
4 exponential operations. To reduce tansig function computation latency, the
tansig activation layer module design adopts a lookup table approach. The
tansig expression is shown in Equation (10):

X — e~

62:1: + 67293

2z
tansig(x) =

When the independent variable is in [3,00] or [—oo,—3], the dependent
variable range does not change significantly, with values approaching 1 or -1.
Therefore, when intermediate computation value ¢ exceeds 3 or falls below
-3, tansig function output can be approximated as 1 or -1, with negligible
impact on subsequent computations. After handling tansig output for in-
dependent variable ranges [3,00] and [—oo,—3], a lookup table approach
processes tansig output for independent variable range [—3,3]. Sampling
occurs at interval ¢ within [—3,3]; assuming ¢ = 0.1, the independent
variable sequence becomes [—3.0,—2.9,—2.8,...,2.8,2.9,3.0], denoted as in-
dependent variable sequence Z. Each value in sequence Z is individually
input into the tansig function to compute the dependent variable sequence
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[—0.9951, —0.9940, —0.9926, ... ,0.9951,0.9940, 0.9926], with sequence length
denoted as L. When ¢ = 0.1, L = 60. In the HLS tansig activation unit
implementation, the dependent variable sequence is stored in an array of length
L, which serves as the tansig function lookup table in the activation unit. After
obtaining the lookup table, tansig output for [—3, 3] can be obtained through
index computation. Denoting the index as p, its computation is shown in
Equation (11):

Thus, index p is computed by subtracting the lookup table’s left boundary value
from the intermediate computation value and dividing by step size q. After
computing the index value, the tansig activation unit can directly obtain tansig
function output from the lookup table array via indexing. Since this lookup
table is used only for index lookup without participating in any computation,
the ARRAY_{PARTITION} directive is not required to map the lookup table
array to different BRAMs.

The linear computation layer module stores linear layer weight vector w, and
bias by, mapping the weight vector w, array to different BRAMs. The linear
computation layer module then receives each tansig activation unit’ s output,
multiplies each tansig activation unit output by the corresponding weight co-
efficient in w,, and accumulates all multiplier results to obtain intermediate
computation value t’, outputting it to data mapping module 1. Data mapping
module 1 implements inverse mapping computation, finally obtaining the entire
neural network equalizer output value. While linear computation layer module
and data mapping module 1 computations are simple, merging the two mod-
ules cannot achieve per-data-computation latency less than one clock cycle even
with pipelining optimizations. Therefore, for overall neural network equalizer
computation efficiency, the neural network equalizer’ s linear layer is ultimately
decomposed into two computation modules.

4 Experimental Evaluation
4.1 HLS Co-Simulation Method

HLS synthesizes C/C++ algorithm code into RTL implementation. Optimiza-
tion directives can improve synthesized RTL quality. In HLS, synthesis report
analysis provides RTL hardware resource consumption and computation latency,
enabling synthesis quality assessment. In HLS, the core function implementing
a module algorithm is called the top-level function. During synthesis flow, top-
level function implementation correctness and post-synthesis RTL correctness
must be verified, requiring test data and test functions for the top-level func-
tion. Simulation compiles and runs the top-level function through test func-
tions, which must use the top-level function and include expected values with
conditional statements comparing top-level function outputs against expected
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values to verify correctness. After simulation, top-level function synthesis gener-
ates RTL implementation, and HLS employs an RTL adaptation mechanism to
simulate test function functionality, including expected values and conditional
statements. Test data is then input for co-simulation with the top-level func-
tion’ s RTL implementation. If the top-level function’ s RTL output matches
expected values, the synthesized implementation is correct. The FPGA model
used in this paper’ s experiments is xcvud40-flga2892-1-c. According to Vivado
HLS.

4.2 Parallel PRML and Parallel NNML BER Performance Analysis

Optical disc readback signal detection accuracy is influenced by multiple fac-
tors, particularly target recording bits and adjacent recording bits, with other
factors such as optical pickup head position during operation and electronic noise
also significantly impacting detection results. For comparison convenience, this
section compares adaptive equalizers and neural network equalizers using only
readback signals. The primary difference between parallel PRML and NNML
signal processing methods lies in the equalizer used.

To compare equalization quality between adaptive and neural network equal-
izers and HLS implementation performance, two comparison experiments are
designed. The adaptive equalizer uses 9 equalization coefficients with partial
response target [1,2,2,2,1]. After sufficient iterative training, equalizer coef-
ficients converge, with equalized output detected by a Viterbi detector. This
experimental scheme is denoted as BDXL+FIR. The neural network equalizer
uses input readback signal sample vector size 1 x 9 with partial response target
[1,2,2,2,1]. After training with sufficient data, better neural network equalizer
coefficients are obtained for each SNR, with equalized output detected by a
Viterbi detector. This experimental scheme is denoted as BDXL+NNE. Addi-
tionally, another neural network equalizer uses input readback signal sample vec-
tor size 1 x5 with partial response target 1,4, 6, 4, 1], denoted as BDROM+NNE.
HLS implementations using 22-bit and 32-bit fixed-point numbers are denoted as
BDROM+NNE+HLS22 and BDROM+NNE+HLS32 respectively. Both com-
parison experiments generate readback signals using optical disc channel models.

Figure 18 [Figure 18: see original paper| compares the bit error rates of the
two equalization experiments under system electronic noise of 6-20 dB. From
BDROM comparison results, appropriate data representation precision in HLS
implementations of adaptive and neural network equalizers enables readback
signal processing accuracy close to simulation accuracy. Using low-bit-width
fixed-point numbers for neural network equalizer HLS implementation signifi-
cantly degrades readback signal processing accuracy. For example, using 22-bit
fixed-point numbers for neural network equalizer data computation increases
system bit error rate to 107! magnitude at 20 dB SNR, while 32-bit fixed-point
numbers maintain system bit error rate within acceptable range, demonstrat-
ing that 32-bit fixed-point numbers can adequately represent neural network
equalizer data and computations. Meanwhile, BDXL experimental results show
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that under 6-20 dB electronic noise interference, the neural network equalizer-
based readback signal processing method produces fewer recording bit errors
than the adaptive equalizer-based method, i.e., lower bit error rates. Under low
SNR electronic noise conditions, neural network equalizers demonstrate better
equalization performance than adaptive equalizers.

4.3 Parallel PRML and Parallel NNML Resource Consumption and
Latency Analysis

In the parallel PRML equalization coefficient update component, within read-
back signals of identical quality, equalizer coeflicients do not change significantly
after sufficient iterations. As shown in Figure 19 [Figure 19: see original paper],
equalizer coefficients stabilize after 200 iterations. Leveraging this characteris-
tic, when iteration count is set to 500, the optimized equalizer coefficient update
component latency reaches 44.49 ps.

In optical disc signal processing, data representation and computation involve
decimals. To reduce hardware resource overhead from floating-point data and
lower module computation latency, this paper does not use floating-point data
to represent decimals. Optimized PRML and NNML modules use appropriate
fixed-point data for representation and computation, thereby reducing hardware
resource consumption and computation latency. Experiments show that using
1 sign bit and 10 integer bits (11 bits total) for integer representation meets
PRML equalization detection integer computation requirements, while 11 bits
for fractional representation meets PRML equalization detection fractional com-
putation requirements. For NNML modules, as shown in Figure 20 [Figure 20:
see original paper], when forward computation module depth is 1000 and fixed-
point bit width is 32, adjusting integer bits to 14 maintains NNML bit error
rate magnitude at 107

Typically, increased fixed-point bit width leads to increased computation re-
sources. This paper experimentally employs 32-bit fixed-point numbers while
ensuring reliable detection results. Error correction coding design could relax
bit error rate requirements to reduce precision requirements, but this would
affect error correction code efficiency and cost, also impacting resource con-
sumption. Considering the large design space for fixed-point bit width, integer
bits, and fractional bits, this paper does not extensively explore the precision-
resource consumption trade-off. As shown in Figure 21 [Figure 21: see original
paper], with 32-bit fixed-point numbers, forward computation module depth
of 300 maintains bit error rate magnitude at 10~%, while depth of 600 further
reduces bit error rate at the cost of greater resource consumption. A computa-
tion module depth of 500 meets optical disc readback signal NNML detection
requirements.

Since the HLS-based parallel PRML and parallel NNML processing methods
decompose large modules into multiple small modules, breaking complex com-
putations into multiple simple computations, and employ different optimiza-
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tion pragmas in each small module based on computation principles, per-data-
computation latency can be maintained within one clock cycle even when re-
ducing each small module’ s clock frequency. As shown in Figure 22 [Figure
22: see original paper], with original write sequence size of 64 KB, three PRML
modules process in 3.46 ms, achieving signal processing speed of 144.50 Mb/s.
Three NNML modules process in 3.76 ms, achieving signal processing speed of
132.97 Mb/s. Parallel PRML signal processing speed exceeds parallel NNML.
Parallel NNML resource consumption exceeds parallel PRML, particularly in
BRAM resource consumption, where parallel NNML consumes more than 7x
that of parallel PRML.

5 Conclusion

Optical disc readback signal processing technology is a core technology in optical
disc storage systems, determining data read/write reliability and ensuring long-
term data preservation requirements, which is of great significance for massive
cold data storage. Addressing the efficient readout requirements for cold data
storage optical discs, this paper proposes a scalable high-level synthesis-based
parallel data readout method that utilizes HLS technology for efficient process-
ing of optical disc readback signals. Through theoretical analysis, methodology
design, and experimental validation, this research achieves the following impor-
tant results:

1. High-performance parallel processing framework: The proposed
parallel PRML method achieves a processing speed of 144.50 Mb/s
through pipeline optimization, data streaming, and parallel computing
strategies, representing a 2.99x improvement over existing PRML. The
parallel NNML method reduces average bit error rate by approximately
30% through neural network equalizers, significantly improving signal
quality. These two methods each excel in speed and precision, providing
flexible options for different application scenarios.

2. HLS optimization innovations: Through HLS techniques such as mod-
ule decomposition, streaming processing, and fixed-point optimization, the
challenges of complex hardware deployment and high resource consump-
tion for neural network equalizers are addressed. Experiments demon-
strate that 32-bit fixed-point implementation can maintain bit error rate
at 10™* magnitude while significantly reducing resource overhead, vali-
dating HLS’ s tremendous potential in optical disc data readout signal
processing.

3. System-level contributions: This research not only provides new in-
sights for the high-performance and intelligent evolution of optical disc
storage technology, but its modular design and parallel architecture can
also be extended to other storage media, offering important references for
green data storage technology development.

Compared with existing research, this work demonstrates significant advantages:
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Unlike novel storage schemes relying on specific materials (such as polarization
modulation technology [28]) or facing high latency issues (such as glass-ceramic
storage [30]), this method exhibits superior performance in generality, real-time
capability, and cost-effectiveness through algorithm-hardware co-design. Com-
pared with existing FPGA acceleration schemes [9,17], its block-parallel strategy
and resource optimization methods are better suited for large-scale edge cold
data storage device processing scenarios.

Future research can expand in three directions: (1) Exploring lightweight adap-
tive online training neural network architectures to further reduce resource
consumption; (2) Developing lightweight edge neural network maximum likeli-
hood detection methods adapted for high-density storage media (such as super-
resolution three-dimensional optical storage [29] and glass storage [31]); (3)
Investigating energy consumption optimization strategies under heterogeneous
computing architectures. These directions will drive cold data storage technol-
ogy toward greater efficiency and intelligence.
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