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Abstract— Polar codes have been officially selected as the
channel coding in 5G standard. To meet the requirements
of enhanced mobile broadband (eMBB), most published
polar decoder chips aim to improve throughput rate and
error-correction performance. However, to meet with the require-
ments of another two 5G new radio (NR) application scenar-
ios, ultra-reliable low-latency communications (URLLC), and
massive machine-type communications (mMTC), the design
features of low latency and energy efficiency are also desir-
able. In this article, we present a 7.8-13.6 pJ/b ultra-low
latency and energy-efficient polar decoder fabricated in 40nm
CMOS technology. By adopting the decoding algorithm of
recurrent neural network-assisted belief propagation (RNN-BP),
the learned scaling parameters can improve the convergence
rate by 8 times with reasonable hardware and memory over-
head. Then, by taking advantage of BP’s regular structure,
we propose a fully-reconfigurable RNN-BP decoder architecture
to support multiple code lengths with negligible hardware com-
plexity. It contributes to 2-8× improved hardware utilization
rate while providing a flexible adjustment between throughput
and error-correction performance. At the architectural level,
two optimization techniques for the design of the processing
element (PE) are proposed to jointly reduce the chip’s area and
power by 73% and 67%, respectively. From the measurement
results, our reconfigurable RNN-BP polar decoder chip has 2.3×,
2.3×, and 10.0× enhancement over prior designs in terms of
latency, throughput rate, and energy efficiency. Consequently,
our reconfigurable design has great potential to meet various 5G
NR applications.

Index Terms— Polar codes, belief propagation, neural network,
reconfigurable architecture, multi-code length support.

I. INTRODUCTION

S INCE firstly proposed by Arikan in 2009, polar codes
have gained more and more attention due to their capacity-

achieving performance and low complexity for encoding and
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Fig. 1. (a) Summary of various scenarios and requirements in 5G new radio;
(b) Conventional BP algorithm [14], and (c) the adopted recurrent neural
network-assisted BP (RNN-BP) algorithm [16].

decoding [1]. In 2016, 3GPP selected polar codes as the
official coding scheme for the enhanced mobile broadband
(eMBB) control channels of 5G New Radio (NR), which
targets multi-Gbps throughput [2]. Besides, in another two
application scenarios, namely ultra-reliable low-latency com-
munications (URLLC) and massive machine-type communi-
cations (mMTC), polar codes are also being considered as
the possible coding schemes [3], [4]. For example, the target
latency and block error rate (BLER) for URLLC are smaller
than 0.665 µs and 10−5, respectively [5]. By contrast, mMTC
will offer improved area and energy efficiency for the massive
uncharged devices. Thus, a reconfigurable decoder to meet
the various requirements and application scenarios of 5G,
as shown in Fig. 1(a), is desired.

Recently, many works are dedicating to optimize the
decoders from both algorithmic level and architectural
level [6]–[10]. However, only few ASICs have been fab-
ricated [11]–[14], where the decoding algorithms can be
mainly divided into two categories: successive cancellation
(SC) [11]–[13] and belief propagation (BP) [14]. In general,
the enhanced version of SC, such as SC list (SCL) and SC flip
(SCF), can achieve better error-correction performance [15].
However, SC suffers from high latency and limited throughput
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due to its inherent sequential processing. Besides, the inflex-
ible hardware architecture forces [12] and [13] to implement
multiple decoders with different SC-based decoding algorithms
in the same ASIC to satisfy the diverse requirements, which
sacrifices both area and energy efficiency.

On the other hand, BP can achieve a much higher
throughput rate with its parallelized architecture as shown
in Fig. 1(b) [14]. Meanwhile, its regular architecture has
great potential for the design of reconfigurable architecture
to meet various requirements. However, those characteristics
have not been fully explored in prior designs. In addition,
the decoding latency and energy efficiency of BP algorithm
can be further improved by shortening its iterative decoding
process.

To meet the various requirements of throughput, latency,
and energy efficiency in different 5G application scenarios
(eMBB, URLLC, and mMTC), in this work, we present a
reconfigurable neural network-assisted polar decoder as shown
in Fig. 1(c). The main contributions of this work are as
follows:

1) High throughput and low latency: By adopting the
recurrent neural network-assisted belief propagation
(RNN-BP) algorithm proposed in [16], we fabricate
the world’s first NN-assisted polar decoder chip, where
the learned scaling parameters can improve convergence
rate by 8 times with reasonable hardware and memory
overhead compared to [14].

2) Reconfigurability and flexibility: A fully reconfigurable
architecture is designed from both algorithmic level and
architectural level for flexible support of multi-code
length operations with 2-8× improved hardware uti-
lization rate. Furthermore, it also provides a flexible
adjustment between throughput and error-correction per-
formance to meet the various application scenarios in 5G
NR.

3) Area efficiency and energy efficiency: Two arithmetic-
level optimization techniques, dedicated binary number
representations and specialized fixed-point designs, are
analyzed and adopted to reduce the total bits for data
storage and computation. Both of them jointly contribute
to a 73% and 67% reduction in processing element’s area
and power, respectively.

The NN-assisted polar decoder chip is fabricated in 40nm
CMOS technology. The measurement results show that our
reconfigurable design can support multi-code length with
energy efficiency from 7.8 to 13.6 pJ/b. Compared with the
state-of-the-art single-mode BP design [14], our design has
2.3×, 2.3×, and 10.0× enhancement in terms of latency,
throughput rate, and energy efficiency, respectively.

The rest of this article is organized as follows. Section II
briefly reviews the preliminaries and various decoding algo-
rithms of polar codes. Section III presents the reconfigurable
architecture design of this chip. Arithmetic optimization tech-
niques are described in Section IV. Section V shows the
chip implementation, measurement results, and comparisons.
Finally, we conclude this article in Section VI.

II. POLAR CODES AND DECODING ALGORITHMS

A. Notations

Throughout this article, a normal-faced letter a denotes
a scalar, a bold-faced lowercase letter a denotes a vector,
and a bold-faced uppercase letter A denotes a matrix. Other
operations used in this article are defined as follows:

- a p represents the p-th element of a.
- Ap,:, A:,q , and Ap,q denote the p-th row vector, q-th

column vector, and (p, q)-th entry of A, respectively.

B. Polar Codes

To construct an (N, K ) polar codes, the N-bit message u
is recursively constructed from a 2 × 2 polarizing transfor-

mation F =
�

1 0
1 1

�
by log2 N times to exploit the channel

polarization [1]. As N→ ∞, the synthesized channels tend
to two extremes: the noisy channels (unreliable) and noiseless
channels (reliable). Therefore, the K information bits are first
assigned to the K most reliable bits in u and the remaining
N − K bits are referred to as frozen bits with the assignment
of zeros. Thus, the code rate can be represented as R = K

�
N .

Then, the N-bit transmitted codeword x can be generated by
multiplying u with generator matrix G as follows:

x = Gu = F⊗nBu, n = log2 N. (1)

F⊗n is the n-th Kronecker power of F and B represents the
bit-reversal permutation matrix.

C. Belief Propagation-Based Decoding

Belief propagation (BP) is a widely used message-passing
algorithm for decoding, such as low-density parity-check
(LDPC) codes and polar codes. The decoding process of polar
codes is to iteratively apply BP algorithm over the correspond-
ing factor graph as shown in Fig. 1(b). For an (N, K ) polar
codes, there are n = log2 N stages and total N ×(n + 1) nodes
on the factor graph. Each node with label (i, j) represents the
j -th node at the i -th stage in the factor graph and has two types
of log-likelihood ratios (LLRs), namely left-to-right message
R(t)

i, j and right-to-left message L(t)
i, j , where t represents the t-th

iteration. The iterative decoding procedure with the updating
of R(t)

i, j and L(t)
i, j is given by:

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

L(t)
i, j = g

	
L(t−1)

i+1, j , L(t−1)

i+1, j+N/2i + R(t)
i, j+N/2i



,

L(t)
i, j+N/2i = g

	
R(t)

i, j , L(t−1)
i+1, j



+ L(t−1)

i+1, j+N/2i ,

R(t)
i+1, j = g

	
R(t)

i, j , L(t−1)

i+1, j+N/2i + R(t)
i, j+N/2i



,

R(t)
i+1, j+N/2i = g

	
R(t)

i, j , L(t−1)
i+1, j



+ R(t)

i, j+N/2i ,

(2)

where g (x1, x2) ≈ sign (x1) sign (x2) min (|x1| , |x2|) . The L
and R messages will iteratively pass through the decoding
PEs in each stage and output the updated messages for the
next stage until convergence. Thus, the decoding latency
will be determined by the required number of iterations T
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Fig. 2. The processing element (PE) of (a) conventional BP algorithm [14],
and (b) the adopted RNN-BP algorithm [16].

for convergence. After T iterations, the final estimation of N-
bit message û is decided by:

û j =
⎧⎨
⎩

0, i f L(T )
1, j + R(T )

1, j ≥ 0,

1, i f L(T )
1, j + R(T )

1, j < 0.
(3)

To improve the convergence rate and reduce latency of
BP decoding, the authors in [16] unfold the BP structure of
Fig. 1(b) with trainable weights α and β assigned on each
connection as shown in Fig. 1(c). By utilizing DL techniques,
the best combination of α and β can be optimized through
backpropagation algorithm. Besides, to avoid the significant
memory overhead caused by α and β, the authors convert
the algorithm into a recurrent neural network-assisted BP
(RNN-BP) structure as shown in Fig. 1(c). The recurrent
structure can effectively reduce the memory overhead by
sharing the learned parameters α and β among T iterations
with T times reduction in memory overhead. The modified
decoding procedure is as below:⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

L(t)
i, j =αi, j · g

	
L(t−1)

i+1, j , L(t−1)

i+1, j+N/2i + R(t)
i, j+N/2i



,

L(t)
i, j+N/2i =αi, j+N/2i · g

	
R(t)

i, j , L(t−1)
i+1, j



+ L(t−1)

i+1, j+N/2i ,

R(t)
i+1, j =βi+1, j · g

	
R(t)

i, j , L(t−1)

i+1, j+N/2i + R(t)
i, j+N/2i



,

R(t)
i+1, j+N/2i =βi+1, j+N/2i · g

	
R(t)

i, j , L(t−1)
i+1, j



+R(t)

i, j+N/2i ,

(4)

Compared to Eq. (2), the offline-trained weights αi, j and
βi, j of the BP network are used as the scaling parameters
associated with wire connections of the factor graph. For more
details, please refer to [16]. Therefore, compared with the
PE of conventional BP, the input of modified PE has two
more parameters to scale the updated messages as shown
in Fig. 2. At comparable BER performance, this intelligently
trained RNN-BP architecture can converge faster within only
5 iterations compared to 40 iterations of conventional BP as
shown in Fig. 5 and Fig. 13. Therefore, it leads to 8 times
convergence speed while inheriting BP’s advantages of low
complexity and high parallelism.

Although RNN-BP can improve the decoding latency as
well as energy efficiency, it does not address the problem of
mediocre error-correction performance and thus cannot meet
the stringent requirements of URLLC. In [17], [18], a BP
list (BPL) decoder, composed of multiple independent BP
decoders with different permuted factor graphs or permuted
codewords, can achieve comparable performance to SCL at
the expense of multiple times the hardware complexity. On the

other hand, BP flip (BPF) is proposed in [19]–[22] to mini-
mize error propagation. If the estimated bits fail the cyclic
redundancy check (CRC), the error-prone bits will be flipped
sequentially before the next BP decoding iteration. It con-
tributes to significant performance gain but suffers from longer
decoding latency. Thus, these two mechanisms can benefit
from the improved convergence rate of our proposed RNN-BP
with better efficiency. Later, we will show our proposed
decoder has a perfect combination with these mechanisms to
meet the stringent requirement of error correction capability
in URLLC.

D. Successive Cancellation-Based Decoding

Now, we briefly introduce the SC-based decoding algo-
rithms. Different from parallel decoding of BP, SC decoder
estimates bits sequentially from û0 to ûN−1. To reduce latency
and improve hardware efficiency, a semi-parallel architecture
was proposed in [11]. Furthermore, the authors in [12] pro-
posed a fully-unrolled partially-pipelined SC decoder to seek
ultra-speed and energy efficiency at the sacrifice of hardware
flexibility.

To improve the mediocre error-correction performance of
SC decoder, SCL is regarded as the most powerful decoding
algorithm, which can even outperform maximum likelihood
decoding with the aided of CRC. The decoding process
of SCL is similar to SC except that the L-best paths are
kept as the candidate during decoding, which can avoid the
branch error occurred in the early stage [12], [13]. Therefore,
a list of SC decoders executes in parallel to improve the
error-correction performance at the cost of increased area and
power consumption.

Recently, SC flip (SCF) is another promising algorithm
that can inherit similar hardware complexity as SC while
improving the error-correction performance [12]. Once the
decoded bits fail the CRC check, SCF flips the least reliable
bit-decision and restarts the next SC decoding. The whole
procedure will continue until passing the CRC check or
reaching the maximum number of flipping trials. Therefore,
SCF is more favorable in terms of area efficiency for the
application of low-cost IoT devices.

To provide a complete and clear overview, we compare and
summarize the different characteristics of decoding algorithms
for polar codes as shown in Table I. More details will be
provided later.

III. FULLY-RECONFIGURABLE ARCHITECTURE DESIGN

FOR MULTI-CODE LENGTH SUPPORT

A. System Architecture

Fig. 3 shows the overall block diagram of our chip. Bene-
fiting from BP’s regular structure, it can be implemented in a
highly paralleled folded architecture. In [14], a double-column
architecture of BP decoder was proposed, which can calculate
the messages of two stages in one cycle to reduce the decoding
cycle by half. However, it also doubles the required number of
PEs and memory size. In this work, to simplify the control unit
and make it easily compatible with our design of multi-code
length support, we adopt a single-column architecture to
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TABLE I

COMPARISON OF DIFFERENT DECODING ALGORITHMS OF POLAR CODES

Fig. 3. Block diagram of our polar decoder architecture.

compute the messages of each stage in one cycle as shown
in Fig. 3.

In this work, we designed a 256-bit polar decoder that
consists of 128 PEs. This PE array can compute messages
of each stage in one cycle. Besides, two memory banks,
“message memory” and “weight memory,” are used to store
the computed messages and pre-trained weights, respectively.
The “message memory” has 9 words to store the computed
256 left/right messages in each stage and 5-bit fixed-point
is used to represent both channel LLR and computed mes-
sages, which is composed of 1 sign-bit, 3 integer-bits and
1 fraction-bit. Thus, each word has 1280 bits in total. On the
other hand, the “weight memory” has 15 words and each
1024-bit word stores the pre-trained weights α and β in each
stage with 4-bit fixed-point representation. Because the values
of pre-trained weights are all positive and around 1, 4-bit
fixed-point representation is composed of 1 integer-bit and
3 fraction-bits.

As shown in Fig. 3, for the decoding process, one iteration
is composed by one left-to-right message propagation from
stage 2 to 8, and one following right-to-left message propa-
gation from stage 8 to 1. During each stage, one word from
message memory, one word from weight memory, and the
computed messages from the last updating cycle, are jointly
passed to the PE array as inputs. After calculation by the PE
array, one word of updated messages is written back to the
message memory.

The decoding code length can be configured at execution
time according to the requirements and operating conditions.
The control unit is carefully designed to control the memory
read/write and data flow of PE array for supporting multi-code
length, which will be described in detail in the next section.

TABLE II

COMPARISON BETWEEN PRIOR BP CHIP AND PROPOSED RNN-BP CHIP

TABLE III

MULTI CODE LENGTH SUPPORT IN 5G NR

Table II summarizes the comparison between the algorithm
used in the state-of-the-art BP polar decoder chip [14] and our
RNN-BP chip. As shown in Table II, our proposed RNN-BP
chip can improve the convergence speed by 8 times at the
cost of the reasonably increased hardware complexity for PE
design and memory overhead.

B. Reconfigurable Multi-Code Length Support

To meet the various requirements of application scenarios
targeted by each of eMBB, URLLC and mMTC, the feature of
reconfiguration flexibility is indispensable for polar decoders.
Among these three main dimensions of 5G NR, in addition to
the flexible adjustment between error-correction performance,
latency and power consumption, the channel code must also
support a wide variety of code rates R as well as a wide
variety of code lengths N from 32 to 1024 as summarized
in Table III [4], [23].

Due to the parallel decoding architecture of BP decoder,
different code rates only affect the initialization value of R(1)

1
messages, where the position of frozen bits and information
bits are set to +∞ and 0, respectively. Thus, BP decoder
can support arbitrary code rates in nature. However, for the
support of multi-code length, there are two issues that need to
be solved. Firstly, suppose each code length of BP employs
different sets of weights to implement the corresponding
RNN-BP, it suffers from severe memory overhead for the
storage of these scaling weights. Secondly, the different code
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Fig. 4. Reconfigurable architecture design for multi-code length support: (a) algorithmic level: weight sharing and (b) architectural level: reconfigurable
design.

lengths will result in different factor graphs for BP decoding,
which demands additional hardware complexity to control and
schedule the data flow. Moreover, part of the PE arrays will
also be idle when decoding a smaller code length and thus
degrade the hardware utilization rate.

The proposed reconfigurable architecture design for
multi-code length support is shown in Fig. 4. Firstly, to deal
with the problem of increased memory overhead for the
storage of scaling parameters, we propose a weight-sharing
mechanism to share the weights among different code lengths.
From Fig. 4(a), we can observe that the factor graph of the
shorter code length is embedded in the longer one due to the
regular structure of BP. As a result, the weights of shorter
code lengths can be “co-shared” with longer codes. Following
this design concept, at the algorithmic level, we propose a
new multi-stage training process for weight sharing as shown
in Fig. 4(a). The process starts from training the RNN-BP with
the shortest supported code length. After the weights under this
code length are well-trained, the weights are set as “frozen”
weights and initially assigned to the corresponding positions of
longer code lengths. Then, the remaining non-frozen weights
can be updated/trained for RNN-BP with a longer code length.
The process iteratively continues until the longest supported
code length is reached. Therefore, the weights of the longest
code length are compatible with any other shorter code length.
Compared with training different sets of weights for each
supported code length, this multi-stage training process helps
to reduce memory overhead by 41%. Although it induces
a slight performance loss as shown in Fig. 5, the proposed
RNN-BP still has comparable performance as conventional BP
with 40 iterations.

Based on a similar concept, we propose a reconfigurable
architecture to avoid idle PEs from degrading the hardware
utilization rate and to improve the throughput of the proposed
decoder. As shown in Fig. 4(b), at the architectural level, for
the case of N = 8, the processing engine consists of 4 PEs and
can be reconfigured to support N = 4 with 2 PEs and N = 2
with 1 PE, respectively. However, this also results in 2 and
3 idle PEs, respectively. Thus, two kinds of “turbo” modes
based on the reconfigured architecture are proposed, which
can support “two parallel 4-bit decoders” and “four parallel
2-bit decoders” and thus increase hardware utilization rate by
2× or 4×. As a result, with a 128-PE design, our RNN-BP
decoder can be fully reconfigured to support multi-code length

Fig. 5. Comparison of bit error rate between BP, RNN-BP, and RNN-BP
with weight sharing.

Fig. 6. The design of finite state machine for multi-code length support.

of N = 32, 64, 128, and 256. The fully running PE array
improves the system throughput rate by 2 to 8 times compared
to the design without turbo mode.

To avoid significantly increased hardware complexity
caused by the support of multi-code length, we carefully
design a finite state machine (FSM) of the control unit as
shown in Fig. 6. The configured code length determines the
state transition during the decoding process, i.e., from the start
of input initialization, iterative right/left message propagation,
and finally to the state of finish. We take the code length
of 32 for example, the decoding process starts from the state
of input initialization to the state of R_5 and transits from
the state of L_5 to L_4 instead of back to R_5 after reaching
the maximum number of BP iterations T . Then, it will transit
to the state of finish and start next decoding. The state of
R_5 and L_5 represent the update of R5 and L5 messages
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in Eq. (4), respectively. Based on the proposed finite state
machine, we can observe that the decoding of shorter code
length is completely included in the decoding of longer code
length, hence the designed finite state machine does not result
in huge additional hardware complexity for the support of
multi-code length.

Furthermore, based on the turbo modes, the proposed
decoder can provide flexible adjustment to meet the various
requirements of eMBB, URLLC and mMTC. For exam-
ple, the fully running PE array can satisfy the stringent
requirements of the throughput rate with multi-Gbps for the
applications of eMBB. On the other hand, to achieve better
error-correction performance while maintaining appropriate
decoding latency for the scenario of URLLC, the multiple
BP decoders with shorter code length can be used to decode
the codewords with different permutations or different flipped
bits according to the adopted mechanisms of BP list or BP
flip, respectively. Thus, it can achieve better error-correction
performance at the cost of lower throughput without increasing
area or decoding latency. Consequently, the characteristic of
reconfigurable multi-code length support can make our pro-
posed decoder a great combination with many other enhanced
mechanisms and be flexible enough to overcome different
scenarios in 5G NR under a similar system architecture.

IV. DESIGN OPTIMIZATIONS FOR AREA

AND ENERGY EFFICIENCY

PE array is the most important part of the polar decoder,
which computes the updated messages in each stage and thus
occupies the most of the chip area as well as the power
consumption. Therefore, the optimization techniques for PE
design play an important role in improving overall decoder
performance, such as clock frequency, energy efficiency, and
area efficiency. In this part, we propose two kinds of arithmetic
level optimization techniques to improve the efficiency of our
proposed decoder.

A. Specialized Data Number Representation

There are two types of operations: Type-I and Type-II
correspond to o1 = w1g (a, b + c) and o2 = w2g (a, d) + b,
respectively, as shown in Fig. 2(b). Therefore, the operation
of PE is highly correlated with the function g(.), which
consists of one comparison operation, two absolute operations,
and two sign operations. Instead of using widely adopted
2’s complement to represent the channel LLR and computed
messages, sign-magnitude representation becomes a perfect
choice to realize g(.) by making all the operations executed
in sign-magnitude form. Thus, it can avoid the conversion
from 2’s complement to sign-magnitude for absolute oper-
ation as well as the conversion from sign-magnitude to 2’s
complement for the operation of addition. Besides, the opera-
tion of sign bit and the magnitude part can run separately,
which can further reduce the hardware complexity due to
the shorter bit-width. Compared with the commonly used 2’s
complement representation, sign-magnitude fixed-point data
can reduce both area and power consumption of the PE by
32% and 24%, respectively. The gate-count for each PE is

Fig. 7. Fixed-point analysis of our proposed RNN-BP with dynamic overflow
detection (DOD).

reduced from 4538 to 3069, demonstrating the effectiveness
of sign-magnitude representation.

B. Dynamic Overflow Detection

Another key factor in determining hardware complexity is
quantization for each channel LLR and computed messages.
The shorter bit length for each message can reduce the
hardware complexity of PE at the cost of inaccurate data
representation with worse error-correction performance. The
problem of overflow, caused by the limited range of data
representation, will become a more serious problem for the
BP decoder. Because the magnitude of computed messages
indicates the likelihood value of being 0 or 1, the occurrence
of the overflow will reverse its likelihood value. For example,
a highly reliable bit with high magnitude will be reversed
to an undetermined bit due to the small magnitude caused
by overflow. Then, the undetermined bit will further dete-
riorate other bits through the message propagation and thus
severely degrade the error-correction performance. In Fig. 7,
we do fixed-point analysis to evaluate the minimum required
bit length without performance degradation. We can observe
that when data length is less than 8 bits, it has noticeable
degradation, especially at high SNR ranges because it is easier
to overflow.

In contrast, instead of increasing the bit length for each
message, we add one saturation operator at outputs of each
adder and multiplier, which is also benefit from the sign-
magnitude representation for low complexity implementation.
Therefore, the relative likelihood ratio can be still retained
for overflow-free operations without affecting the decoding
performance. As shown in Fig. 7, by applying the proposed
mechanism of dynamic overflow detection, the required bit
length can be reduced from 8-bit to 5-bit without performance
loss. Although the saturation operator requires additional area
overhead, the reduced bit length can still decrease area and
power consumption of the PE by 60% and 57%, respectively.

The achievements of these two arithmetic-level optimization
techniques are summarized in Fig. 8. Based on these two
techniques, the detailed design of the PE is shown in Fig. 9,
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Fig. 8. Optimization techniques for the processing element (PE) design:
(a) specialized data number representation and (b) dynamic overflow detection.

Fig. 9. Detailed design of the processing element (PE).

Fig. 10. Chip micrograph and summary.

which can jointly contribute to the reduction in PE’s area and
power consumption by 73% and 67%, respectively.

V. CHIP IMPLEMENTATION AND MEASURED RESULTS

A. Chip Implementation

The chip micrograph and chip summary are shown in
Fig. 10. This RNN-BP polar decoder chip is fabricated in

Fig. 11. (a) Testing environment and (b) Shmoo measurement of the RNN-BP
polar decoder chip.

Fig. 12. Measured power consumption and energy efficiency at the minimum
supply voltage for each clock frequency.

a 40-nm 1P 9M CMOS process using a standard-cell-based
design flow. To achieve a better clock frequency and reduce
the decoding latency, the overall chip is synthesized with
low-threshold (LVT) standard cells at the sacrifice of leakage
power.

The die area and core area of this chip are 0.81×0.81 mm2

and 0.18 mm2, respectively. Totally, this chip has 48 pins
including 22 power pads. The I/O domains have a constant
supply voltage of 2.5V and the supply voltage of the logic
domains is 0.9V.

B. Measurement Results

The chip testing environment is illustrated in Fig. 11(a).
A SB-48 test board is used and the right photo in Fig. 11(a)
is the back of this board for wiring the supply voltages
of I/O and core. Then this board is tested by Advantest
V93000 PS1600 SoC series. With the setting of SmarTest
provided by V93000, we can test this chip for functionality
and performance automatically.

The measurement Shmoo plot is shown in Fig. 11(b).
We can observe that the chip is well-functioned from 0.77V
to 0.99V with corresponding clock frequency from 180 MHz
to 240 MHz. As shown in Fig. 12, power consumption and
energy efficiency of the designed decoder at the minimum
supply voltage for each clock frequency are also measured.
At room temperature, the chip operates at a maximum
frequency of 240 MHz with 0.98V supply and consumes
13.8 mW. When the supply voltage is set to 0.9V, the chip
can operate at a maximum frequency of 225 MHz with a
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Fig. 13. The comparison of BER performance between the prior BP chip [14],
SC chip [11], SCL chip [12] and our proposed RNN-BP chip.

power consumption of 11.2 mW, which will be used for the
comparison with the state-of-the-art designs.

To measure the error-correction performance of our pro-
posed RNN-BP decoder, the metric of bit error rate (BER)
under different signal-to-noise ratio (SNR) and code length is
shown in Fig. 13. The performance of the state-of-the-arts BP
design [14], SC design [11], and SCL design [12] are also
evaluated and compared as baseline references. Though these
single-mode designs only support the code length of 1024,
we simulate the performance of code length from 32 to
256 based on fixed point analysis for a fair comparison with
our multi-code length support design. From Fig. 13, we can
observe that our RNN-BP decoder with only 5 iterations can
achieve comparable performance as prior BP decoder with
40 iterations and SC decoder under different code lengths.
Thus, it can lead to 8 times improvement of convergence speed
with better decoding latency and energy efficiency. However,
our proposed RNN-BP decoder has worse error correction
performance than SCL decoding algorithm with L = 4 [12].
Besides, we can also observe that the BER performance
improves consistently as the code length increases because the
phenomenon of polarization also becomes more significant.
In the following, we will compare the performance with
state-of-the-arts in terms of throughput, latency, and energy
efficiency.

C. Comparison With State-of-the-Art Designs

In this part, we compare our proposed RNN-BP decoder
chip with four other state-of-the-art ASICs as shown in
Table IV. Among these four fabricated decoders, three
decoders apply SC-based algorithms, including SC, SCL, and
SCF, and only one fabricated decoder uses the BP algorithm.
To make a fair comparison with these designs, we use the
method described in [12] to scale the technology, voltage,
and code length to 16nm, 0.9V and 1024, respectively. Thus,
the number of PEs is scaled by 4 times from 128 to 512 and
the supported code length is from 128, 256, 512, to 1024. For
BP algorithm, the required number of PEs and the usage of
memory are in O (N) and O

�
N log2 N

�
, respectively. Thus,

the overall core area roughly scales with O
�
N log2 N

�
, which

can also be applied to power. For the overall throughput of BP,
it scales with O

�
N

�
log2 N

�
since block throughput scales

linearly with N , but the required number of iteration stage
increases by log2 N .

1) Comparison With BP Decoder: We first focus on the
comparison with the BP decoder, which has similar hardware
architecture as our RNN-BP decoder. In [14], a rate-flexible
BP decoder was fabricated in TSMC’s 65nm CMOS technol-
ogy, which targets higher throughput and better energy effi-
ciency and area efficiency compared to prior SC decoder [11].
However, [14] can only support code length of 1024, which
is not flexible enough to meet various requirements in 5G
standard [4]. On the other hand, our reconfigurable design
can support multiple code lengths from N = 32 to N =
256 with arbitrary code rates. Besides, benefiting from 8×
convergence rate of the adopted RNN-BP decoding algorithm
and aforementioned optimization techniques, the measured
energy efficiency can be as low as 7.8 to 13.6 pJ/b. Further-
more, the decoding latency can be reduced and is ranging
from 0.31 to 0.18 µs, which is smaller than 0.665 µs and
thus meets the stringent requirement of low latency in the
application scenario of URLLC [5]. After normalization for a
fair comparison, the proposed RNN-BP decoder can achieve
6.58 to 11.52 Gb/s for high-performance channel decoding.
Compared with the state-of-the-art single-mode BP design
in [14], our multi-code-length design has 2.3×, 2.3×, and
10.0× enhancement in terms of latency, throughput rate, and
energy efficiency, respectively, at the same decoding length
of 1024. For the supported shorter code length, by taking
advantage of the proposed turbo modes, our design can achieve
even better throughput and energy efficiency.

2) Comparison With SC Decoders: Then, we compare
with the state-of-the-art designs of SC-based decoders.
A rate-flexible single-mode SC decoder was fabricated in
UMC’s 180nm CMOS technology [11]. A fabricated chip
in 28nm FD-SOI CMOS technology that implements two dif-
ferent decoders of fully-unrolled decoder and flexible decoder
for different targets was presented in [12]. The fully-unrolled
SC decoder is optimized for speed and energy efficiency at the
expense of flexibility and error-correction performance. On the
other hand, the flexible decoder, which can support arbitrary
code rate and three different decoding algorithms: SC, SCL
and SCF, is tailored toward error-correction performance and
flexibility. In [13], three independent decoders, naming SC
decoder, flexible decoder and ultra-reliable decoder, were
fabricated in TSMC’s 16nm FinFet technology to support
larger code length N > 1024 and list size L > 4. Though
the SC decoder and ultra-reliable decoder in [13] have better
flexibility for supporting various code lengths and larger list
sizes, their performance is worse than [12]. Therefore, both of
them are not included in Table IV due to the limited space.

We first compare with the SC decoders which have sim-
ilar error-correction performance to our RNN-BP decoder
as shown in Fig. 13. In [12], a fully-unrolled decoder was
proposed by using the a priori knowledge of the frozen bit
locations and pipeline technique for architecture optimization
to pursue ultra-speed performance. Though it can achieve the
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TABLE IV

COMPARISON WITH THE STATE-OF-THE-ART DESIGNS

best performance, it can only support code length of 1024 with
a specific code rate of 869/1024, which is not practical enough
for various requirements in real applications. For the SC
decoding in the flexible decoder [12], its performance is worse
than [11] due to the additional area and power consumption
to support two other kinds of enhanced SC-based decoding
algorithms. Therefore, compare with the state-of-the-art SC
decoder [11], our design has 8.3× and 8.6× improvement
in latency and throughput at comparable energy and area
efficiency as shown in Table IV. It is due to the essential
difference between SC and BP decoding algorithms.

3) Comparison With Enhanced SC Decoders: For the
enhanced SCF and SCL decoding algorithms in [12] and [13],
all of them can achieve better error-correction performance
than our RNN-BP decoder as shown in Fig. 13. However, they
have degraded throughput, latency, energy efficiency, and area
efficiency as shown in Table IV. Note that [13] integrated five
flexible decoders to achieve great improvement of throughput
for SCL decoder.

In summary, though our RNN-BP decoder has worse error-
correction performance than enhanced SC-based decoder, such
as SCL and SCF, our design can achieve the best performance
in terms of throughput, latency, energy efficiency and area effi-
ciency. Meanwhile, for the requirements of better reliability,
our design is perfectly compatible with many different mech-
anisms to achieve better error-correction performance without
significantly increasing hardware complexity or implementing
multiple decoders in one ASIC. Thus, the reconfiguration
flexibility of our design is very suitable to meet the various
application scenarios in 5G NR.

VI. CONCLUSION

This article presents a NN-assisted polar decoder fabricated
in 40nm CMOS technology. The adopted RNN-BP decoding
algorithm can contribute to 8× reduction in total iterations
for ultra-low latency applications. Besides, the reconfigurable
multi-code-length design not only increases hardware uti-
lization rate by 2-8× but also makes our design a perfect
combination with many other enhanced mechanisms. From
the measurement results, these two benefits can jointly con-
tribute to 2.3×, 2.3×, and 10.0× enhancement over prior
designs in terms of latency, throughput rate, and energy
efficiency, respectively. Consequently, this 0.18-mm2 recon-
figurable RNN-BP polar decoder chip has great potential to
meet various application scenarios of eMBB, URLLC, and
mMTC in 5G NR.
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