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ABSTRACT

In recent years, many works have been focusing on applying
machine learning techniques to assist with communication
system design. Instead of replacing the functional blocks
of communication systems with neural networks, a hybrid
manner of ViterbiNet symbol detection was proposed to
combine the advantages of Viterbi algorithm and neural net-
works, which achieves guaranteed performance with reason-
able complexity. However, this block-based design not only
degrades the system performance but also increases hardware
complexity. In this work, we propose a ViterbiNet receiver
for joint equalization and channel decoding, which simulta-
neously considers both the code structure and channel effects,
thus achieving global optimum with 3 dB gain. Furthermore,
a dedicated neural network model is proposed to avoid the
need for perfect channel state information (CSI). It is shown
to be more robust under CSI uncertainty with 1.7 dB gain.

Index Terms— Viterbi Algorithm, Convolutional Code,
Symbol Detection, Channel Decoding, Neural Network

1. INTRODUCTION

To meet with the rigorous requirements of 5G and beyond 5G
(B5G), researchers aim to capitalize on the powerful learn-
ing capabilities of neural networks (NN) to solve commu-
nication problems [1–4]. For example, the cancellation of
imperfect channel effects is a key area where deep learning
(DL) has a significant impact [5–7]. On the other hand, in
the area of channel decoding, neural network-based decoders
for BCH codes and polar codes are proposed with better per-
formance and faster convergence in [8–10]. The success of
adopting NNs to boost equalization and decoding has inspired
researchers to turn to the investigation for joint equalization
and decoding [11–13].

However, there are still issues in applying neural networks
to communication systems. First, relying on powerful NN
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Fig. 1: Overview of (a) ViterbiNet symbol detection [7], and
(b) the proposed ViterbiNet receiver with joint symbol detec-
tion and channel decoding.

models would result in heavy computational complexity that
diminishes the feasibility of hardware implementation. Sec-
ondly, the accuracy requirement of communications systems
are hard to achieve by neural networks. To address the issues
above, ”hybrid” concepts have increasingly gained attention.
Instead of relying on neural networks to solve complicated
problems, researchers began using them to assist with con-
ventional approaches. Deep learning-assisted algorithms ap-
ply neural networks when it is necessary. It reverts to tra-
ditional algorithms when the problem is well-defined with a
neat mathematical solution. The desired complexity and ac-
curacy constraints can be met while the benefits of deep learn-
ing can still be gained.

The authors in [7] proposed an NN-assisted symbol detec-
tor based on Viterbi algorithm, called ViterbiNet, as shown
in Fig. 1(a). In their work, only the channel-model-based
computations are replaced with NN model for the prediction
of branch cost. The remaining operations, such as cost ac-
cumulation and traceback, are unchanged as in the original
well-defined Viterbi algorithm. By doing so, ViterbiNet not
only maintains high accuracy, but also manifests its robust-
ness when there is channel estimation uncertainty. Thus, [7]
successfully demonstrates the power of NN-assisted commu-
nication algorithms. However, two issues should be addressed
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to further enhance the system performance:

1. Separation of blocks: As shown in Fig. 1(a), the es-
timated channel state information and the code struc-
ture of the trellis diagram are independently utilized in
the detection and decoding block. Thus, the local opti-
mum of each block does not reflect the global optimum.
Furthermore, the separation of blocks also results in
higher hardware complexity as two Viterbi circuits are
required.

2. Hard decision: Although the Viterbi detection can re-
turn the sequence with the highest likelihood, its hard
decision leads to information loss. It disallows soft de-
coding, which requires the probability of each bit (or
symbol) for the Viterbi decoder.

In this work, to address the above considerations, we pro-
pose a data-driven ViterbiNet receiver for joint symbol de-
tection and channel decoding as shown in Fig. 1(b). Our
contributions are summarized as follows:

1. Joint symbol detection and channel decoding: By
jointly utilizing the code structure and CSI, our pro-
posed Viterbi receiver can avoid the information loss
caused by hard decision and compute the cost more
accurately under noisy environment. It can achieve a 3
dB gain and reduce hardware complexity by realizing
symbol detection and channel decoding in one block.

2. Data-driven ViterbiNet receiver: A dedicated NN
model is proposed to replace the channel-model-based
computation of the Viterbi receiver, which can avoid
the requirements of full CSI and is more robust under
CSI uncertainty with a 1.7 dB gain.

The rest of this paper is organized as follows: Section 2
reviews the system model and Viterbi algorithm. Section 3
introduces our proposed algorithm. Section 4 shows the sim-
ulation results and observations. Finally, Section 5 concludes
this work.

2. BACKGROUND

2.1. System Model

Fig. 1 shows the communications system model, which com-
prises a transmitter and a receiver. At the transmitter, the
information u is encoded by the convolutional encoder. An
(n,k,m) convolutional code has k inputs, n outputs, and m
memory units. In this paper, we adopt a (2,1,2) convolutional
code with code rate 1

2 , which indicates that the output se-
quence is twice as long as the input. The code structure and
the state transition for convolutional encoder are depicted in
Fig. 2 and Fig. 3(a), respectively.

Algorithm 1: Viterbi Algorithm
Input: Observation sequence y of length N
Output: State sequence ŝ ∈ SN
Initialization: c0(s) = 0 for all s ∈ S
for 1 ≤ k ≤ N do

for all s ∈ S do
ck(s) = min

s′∈S
(ck−1(s

′) + c (yk|s))
s̃ok(s) = argmin

s′∈S
(ck−1(s

′) + c (yk|s))

end
end
ŝN = argmin

s∈S
cN (s)

for N − 1 ≥ k ≥ 1 do
ŝk = s̃ok+1(ŝk+1)

end

Fig. 2: An (2,1,2) convolutional encoder with generator poly-
nomial [3, 7].

The encoded message is then modulated using binary
phase-shift keying (BPSK) into x and sent by the channel.
Throughout this work, the channel effects considered are
inter-symbol interference (ISI) and additive white Gaussian
noise (AWGN). The received signal is expressed as follows:

yi = ỹi + ni =
L−1∑
j=0

xi−jhj + ni, (1)

where ỹi is the expected received signal without AWGN, L is
the length of the channel response, h and n are the channel
impulse response and Gaussian noise, respectively.

At the receiver, the symbol detection is firstly applied to
eliminate the ISI effects. Then, based on the reconstructed
signal x̂ from the symbol detection, the decoder utilizes
Viterbi algorithm to decode the original information û. This
kind of designing approach is block-based, which means that
each module has a specific function. The block of symbol
detection and channel decoding focus on eliminating channel
effect and correcting the error bits, respectively.
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Fig. 3: State transitions of different schemes: (a) convolutional encoder, (b) finite-memory channel with h =
[
h0, h1, h2

]
, and

(c) proposed joint convolutional encoder and finite-memory channel.

2.2. Viterbi Algorithm

Viterbi algorithm is the algorithm to find the most likely se-
quence of hidden states from the observed sequence. The al-
gorithm is stated above as Algorithm 1.

Viterbi algorithm aims to find the bit sequence that results
in the highest likelihood of the received signal. The cost func-
tion can be set as follows:

c(y|s) = − log p(y|s), (2)

where y is the received sequence, s is the state sequence, and
p(y|s) is the probability density function of y conditioned on
the state sequence s.

In the binary detection problem, the state at time k, sk ∈
S, represents the transmitted bit sequence from k − L+ 1 to
k, as shown in Fig. 3(b). The cost of each possible state tran-
sition would be computed from the received signals. Viterbi
algorithm can then return the most possible bit sequence.

2.3. ViterbiNet Detection [7]

Conventional Viterbi detector requires perfect and instanta-
neous channel state information (CSI) to calculate the cost,
which is unrealistic in most cases. In order to address this
issue, ViterbiNet is first introduced in [7].

ViterbiNet is based on a simple idea: using a neural net-
work to predict the cost of each possible transition. In Viterbi-
Net, a neural network predicts the likelihood of received sym-
bols p(yk|s). After obtaining the probability for each symbol,
Viterbi algorithm would be performed to compute the likeli-
hood of the whole sequence from the likelihood p(yk|s) for
all received symbols yk. Then, the detected results can be de-
termined based on the sequence with the highest likelihood.
For more details, please refer to [7].

3. PROPOSED VITERBINET RECEIVER FOR
SYMBOL DETECTION AND DECODING

Although ViterbiNet symbol detection successfully applies
NN to avoid the requirement of perfect CSI for the computa-
tion of cost, its output is the hard decision and thus degrades
the capability of the subsequent Viterbi decoder. Further-
more, the separate block designs also result in local optimum

and cause two times hardware complexity. Inspired by the
fact that both the tasks of symbol detection and decoding of
convolutional codes can be solved by Viterbi algorithm, we
propose a ViterbiNet receiver for joint symbol detection and
channel decoding by combining these two blocks into one.

3.1. Viterbi Receiver with Perfect Channel State Infor-
mation

As in Fig. 3(a), the convolutional encoder’s output x1k and x2k
and state senck are fully dependant on the previous state of the
encoder senck−1 and the input uk. On the other hand, under the
finite tapped-delay channel such as the one in Fig. 3(b), the
channel output at any time k is a linear combination of the
channel input x, and subsequently dependant on inputs of the
channel from k−L+1 to k. Therefore, Viterbi detection uses
the definition of sISIk , (xk, ..., xk−L+1) in Fig. 3(b) as the
states. After defining the state transitions, Viterbi algorithm
can be used to complete the task of channel decoding and
symbol detection, respectively.

For the task of joint symbol detection and decoding, since
our goal is also to decode the message u, it is intuitive to de-
fine the states at time k as the senck in Fig. 3(a). However
as the channel distorts the signal, the received symbol yk not
only depends on the state of the convolutional encoder senck ,
but also the previous state of the encoder senck−1 as well, which
is depicted in Fig. 3(c). To counter this issue, our states are
defined as the combined state of both senck−1 and senck . Since
the internal memories of the encoder contain the previous in-
puts, the state sk , (senck−1, uk) would represent all possible
combinations of senck−1 and senck . That way, the probability dis-
tribution of yk would be fully dependent on sk.

We first try decoding the messages with perfect channel
information and exact knowledge of the code structure. In
this setting, we need to compute the expected received signal
ỹ for each state s. For each s ∈ S representing a binary
sequence of length L′ = log2 |S|, the sequence is encoded
by the convolutional encoder and modulated into x(s). Since
the channel response is fully known, the expected value of the
received signal yk, ỹ(s), can be computed for all s ∈ S.

Because we use a convolutional code with code rate 1
2 ,

each bit of information is represented by two received BPSK
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Fig. 4: The proposed neural network model in our ViterbiNet
receiver.

symbols. Therefore, for each time step k, two corresponding
received symbols, y1k and y2k, are used for the calculation of
likelihood. The Viterbi receiver uses the pre-calculated ex-
pected value to translate the received signal into costs. The
likelihood function is calculated as follows:

p(yk|s) =
1√
2πσ2

e−
(y1k−ỹ1(s))

2
+(y2k−ỹ2(s))

2

2σ2 , (3)

where σ2 is the variance of white noise, and ỹ1(s) and ỹ2(s)
are the expected value of received symbol, corresponding to
y1k and y2k, respectively. Since the noise level is assumed to be
stationary, the cost function used in our system can be further
simplified as:

c(yk|s) =
(
y1k − ỹ1(s)

)2
+
(
y2k − ỹ2(s)

)2
. (4)

Because the states in our system is the sub-sequence of the
information, each state has only 2 possible transitions. If the
state sa can transition to state sb, we denote it as (sa, sb) ∈
R(S). The Viterbi algorithm follows this rule to find the path
with the lowest cost, which reflects the most likely sequence.

3.2. Neural Network-Aided Viterbi (ViterbiNet) Receiver

To apply the Viterbi algorithm, the receiver needs to compute
p(yk|s). However, for the computation of p(yk|s), it requires
perfect CSI, which is unrealistic in most cases. Therefore, the
inaccurate calculation of p(yk|s) results in a degraded system
performance.

Referring to the method in the work [7], we propose a ded-
icated NN model to address this issue. Instead of directly pre-
dicting the probability of p(yk|s), we change the NN’s output
to p(s|yk), because the NN models are better at classification
problems than regression ones. According to the Bayes’ The-
orem, it allows us to derive p(yk|s) from p(s|yk) as below:

p(yk|s) =
p(yk)

p(s)
p(s|yk), (5)

Algorithm 2: Proposed ViterbiNet Receiver
Input: Observation sequence y of length N
Output: State sequence ŝ ∈ SN
Initialization: c0(s) = 0 for all s ∈ S
for 1 ≤ k ≤ N do

for all s ∈ S do
Neural Network Predicts: p(s|yk)
c(yk|s) = − log p(yk)

p(s) p(s|yk)
ck(s) = min

s′∈S,(s′,s)∈R(S)
(ck−1(s

′) + c (yk|s))

s̃ok(s) = argmin
s′∈S,(s′,s)∈R(S)

(ck−1(s
′) + c (yk|s))

end
end
ŝN = argmin

s∈S,(s′,s)∈R(S)

cN (s)

for N − 1 ≥ k ≥ 1 do
ŝk = s̃ok+1(ŝk+1)

end

where p(s) is the a priori probability of the states, in most
cases uniform distribution, while p(yk) can be estimated by a
likelihood model.

Our proposed ViterbiNet is composed of a neural network
classifier as shown in Fig. 4. Using the channel output y1k
and y2k, the NN returns the probability of each possible binary
sequence from k − L′ + 1 to k, which totals |S| = 2L

′
com-

binations. The network has three fully-connected layers, with
100, 50, |S| in dimension, respectively. For the classification
problem, the softmax activation function is applied at the last
layer of the model and can be stated below:

fsoftmax(xs) =
exs∑

s′∈S e
xs′
, (6)

which returns |S| probabilities that add up to 1 (i.e. the dis-
tribution across the set of all possible states S). Neural net-
works have been proved to be very powerful in classification
problems. By obtaining the likelihood p(yk|s) from the cat-
egorical distribution p(s|yk), we allow the NN to unleash its
potential as a classifier.

For training, the transmitted bit sequence are cut into L′-
bit segments, then one-hot encoded into the |S|-dimensional
data used as ground truth. The loss function used in the sys-
tem is categorical cross-entropy, a loss function mainly used
to evaluate performance of a categorical model. The neural
network is therefore trained to predict the state from the re-
ceived symbol. Since only a small fully connected neural net-
work is used in the system, the required data size is rather
small and the training of ViterbiNet is very fast.

During testing, each received symbol yk is translated into
the distribution vector. Once all distribution probabilities are
computed, Viterbi algorithm is utilized to get the most likely
sequence. The process is summarized in Algorithm 2.
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Table 1: Simulation Parameters

Modulation Type BPSK
Convolutional Code (2,1,2)

Generator Polynomial [3,7]
Channel Impulse Response (τ ) 0.7
Signal to Noise Ratio (SNR) 0, 2, 4, 6, 8 (dB)

Training Data Size 48,000 bits
Testing Data Size 960,000 bits

Loss Function Categorical Cross-Entropy
Optimizer Adam

Neural Network Toolkit Keras
Training Equipment NVIDIA GTX 1080 Ti GPU

4. SIMULATION AND RESULTS

4.1. Simulation Settings

As mentioned in Section 2.1, we consider a fading channel
with AWGN for the following simulations. The channel is
assumed to be a tapped delay line model, which is also used
in [7]. The channel length is set to 3 and its impulse response
can be expressed as below:

h =
[
h0, h1, h2

]
=
[
1, e−τ , e−2τ

]
. (7)

The channel would be normalized to maintain unit average
power. The adopted (2,1,2) convolutional code has the gen-
erator polynomial [3,7] as shown in Fig. 2. The simulation
setups are listed in Table 1.

4.2. Performance of Proposed Viterbi Receiver

Since the linear channel and the convolutional code are each
based on a trellis-like structure, we aim to combine both struc-
tures into one and exploit the gain from joint equalization and
decoding.

In this experiment, we compare the bit-error rate (BER)
between the proposed Viterbi receiver and the prior work [7],
which has two separate blocks of Viterbi detection and Viterbi
decoder as shown in Fig. 1(a). For both approaches, we set
τ = 0.7 and the perfect CSI is available for the calculation of
cost. The proposed ViterbiNet is also trained under the chan-
nel. In addition to these methods, the BER of the worst case
(decoded without equalization) and the ideal case (no ISI) are
also evaluated, where both soft and hard Viterbi decoders are
simulated in the no equalization case.

Firstly, from Fig. 5, we can observe that the proposed
Viterbi receiver has about 3dB gain over the separate block
design in [7] by exploiting the end-to-end concept. This is due
to the code structure of the trellis diagram and CSI are jointly
utilized for the calculation of cost, where the code structure
can make the calculation more robust under noise environ-
ments. A similar result has also been pointed out in [6], where
the coding gain is early utilized in the stage of equalization.

Fig. 5: Comparison of BER performance under perfect CSI.

Fig. 6: Comparison of BER performance under CSI uncer-
tainty with σ2

e = 0.04.

Another reason is that the outputs of Viterbi detection are the
results of hard decision, which severely degrades the decod-
ing capability of the subsequent Viterbi decoder. This can be
demonstrated by that the soft Viterbi decoder can outperform
Viterbi detection without the assistance of equalization.

Secondly, the proposed ViterbiNet receiver has approxi-
mately the same accuracy as the Viterbi receiver with perfect
CSI and the exact code structure. The results demonstrate that
ViterbiNet is capable of extracting information from the dis-
torted coded signal, allowing the system to perform as well
as the perfect CSI case. Furthermore, ViterbiNet receiver has
another potential benefit. In the original Viterbi algorithm,
different code structures result in different operations in the
part of cost estimation. However, when replaced by a well-
trained NN model, any change of code structure can be dealt
with by the neural network and subsequently does not affect
the Viterbi algorithm. This will be left as future work to fur-
ther explore the benefit of ViterbiNet.

Authorized licensed use limited to: National Taiwan University. Downloaded on November 04,2020 at 10:24:00 UTC from IEEE Xplore.  Restrictions apply. 



4.3. Performance of Proposed Viterbi Receiver Under
CSI Uncertainty

Our previous experiment has demonstrated that a tiny NN
model is enough to extract the channel information for joint
equalization and decoding. Then, in this experiment, we want
to further examine the robustness of the proposed ViterbiNet
receiver under CSI uncertainty. Because perfect CSI is un-
available or costly to acquire in most cases, the inaccurate
calculation of cost degrades the system performance. To sim-
ulate the CSI uncertainty, we refer to [7]. Each tap of es-
timated channel impulse response is corrupted by adding a
zero-mean Gaussian noise with variance σ2

e . Therefore, there
is a mismatch between the actual channel impulse response
and the CSI utilized for the computation of cost. On the other
hand, the training data for ViterbiNet is generated from the
samples of different channels to enable the NN’s ability of
predicting cost under different channels.

From Fig. 6, we can observe that there is a significant
performance gap between the Viterbi receiver with perfect
CSI and under CSI uncertainty. The results demonstrate that
CSI uncertainty results in an inaccurate calculation of cost
even the variance is only 0.04. However, after training, the
proposed ViterbiNet receiver can still retain a similar perfor-
mance as the Viterbi receiver with perfect CSI. This proves
that the ViterbiNet receiver is more robust under CSI uncer-
tainty with 1.7 dB gain and the well-trained NN model has the
ability to predict accurate cost even the channel is changed.

5. CONCLUSION

In this work, we modified the newly developed ViterbiNet
for joint channel estimation and channel decoding. By si-
multaneously utilizing code structure of trellis diagram and
CSI, our proposed approach can estimate the cost more ac-
curately under noise environments with 3 dB gain against the
block-based design. Furthermore, we propose a dedicated NN
model to replace the channel-model-based computation of the
Viterbi receiver, which can extract channel information from
the received signal. Our work demonstrates the considerable
potential of joint block design and the hybrid concept as they
combine the advantages of well-developed communication al-
gorithms and NNs.
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