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Abstract—In this paper, we address the finite-length decoding
performance of LDPC codes over the q-ary multi-bit channel
(QMBC). The QMBC is defined over the full q-ary symbols,
while addressing the differences in reliability between the bits
composing the symbols. We show that unlike the binary erasure
channel, the QMBC iterative decoder does not necessarily halt
at stopping sets. Instead, its performance depends on the edgelabel configuration of the LDPC code graph. We characterize
good edge-label configurations, and propose an edge-labeling algorithm for improved iterative-decoding performance. We then
provide finite-length maximum-likelihood decoding analysis for
both the standard non-binary random ensemble and LDPC
ensembles. Finally, simulations are presented to demonstrate
the advantages of the proposed edge-labeling algorithm.

I. I NTRODUCTION
In a memory device, information is often stored in the form
of q = 2s voltage/current level ranges. As an example, Flash
memory chips with triple-level cell (TLC) technology use
q = 8 levels. It is a common practice to split the q levels to
s bits, and encode those bits with a binary code. However, by
doing so one eliminates the relations between bits of the same
symbol, and may hence lose a lot in coding performance.
At the other extreme, applying a q-ary code for symmetric
errors also loses for ignoring the real error characteristics,
e.g. higher likelihood for errors with small magnitudes. Our
objective in this paper is to follow a middle path of coding
the s bits of the symbol jointly, but considering the different
effect symbol errors have on each bit. In particular, we are
interested in the most natural model where the s bits form
a hierarchy representing the q-ary symbol from the least
significant bit to the most significant bit.
We study coding for a channel model we call the qary multi-bit channel (QMBC). In the QMBC1 model, a
stored q-ary symbol is represented by s bits, and the channel
parameters are the probabilities to lose the j lower bits of the
symbol, for j = 1, . . . , s. This results in a channel falling
under the class of partial-erasure channels [2], and mimicking specifically the graded reliabilities of the s bits. One
use of this channel is when the level-measurement process
can return partial-precision read values. Another use is as
a loyal and theoretically manageable proxy for designing
LDPC codes for graded-magnitude errors, similarly to binary
erasures being a good proxy for symmetric bit errors.
In this paper, we are interested in design and analysis of
finite-length LDPC codes for the QMBC. When iterative
decoding is applied over the QMBC, in addition to the
stopping sets [3], the finite-length performance depends
strongly on the edge labels. We theoretically characterize
this dependence by analyzing the algebraic structure of
the partial-erasure sets within the finite field, and propose
an edge-labeling algorithm that considerably mitigates the
1 In our previous work [1] we used the different initials QBMC for
the same channel, describing its more specific application as q-ary bitmeasurement channel.

harmful effect of stopping sets (Section III). In that, our work
extends previous label-optimization algorithms (e.g., [4], [5])
to the special structure of the QMBC. The advantage here
is that the QMBC has strong solvability conditions that are
local to a single check, and thus allow neutralizing stopping
sets even without relying on the cycle structure of the
graph. Later in Section IV we study the QMBC finite-length
maximum-likelihood decoding performance, both for the
standard non-binary ensemble and regular LDPC ensembles.
Because QMBC erasures are subsets of the field GF(q),
the main analytical challenge here is in losing the linear
structure. Finally, simulation results in Section V show that
our edge-labeling algorithm offers significant improvement
over uniform labeling, and even more so compared to using
a binary LDPC code.
II. P RELIMINARIES
A. Channel model
The QMBC input alphabet consists of q = 2s symbols:
X = {0, 1, ..., q − 1}, for some integer s. For each input
symbol x and j = 0, 1, 2, ..., s, a partial-erasure event occurs
when only the s − j left bits of x (in binary representation)
are known. The output in this case is a set of 2j consecutive
symbols that have the same s−j left bits as x. We denote this
output set by Mjx . Note that the correct input symbol always
belongs to the output set. In addition, the input symbol is
completely known when j = 0. The transition probabilities
governing the QMBC are:

Pr Y = Mjx X = x = εj ,
(1)
where εj for j = 0, 1, ..., s are the partial-erasure probabilities. Note that for q = 2 the QMBC is equivalent to the
binary erasure channel (BEC).
B. GF(q) LDPC codes and set iterative decoder
For analysis purposes, we map the symbols in X to
GF(q = 2s ) elements. Consider a basis {ω1 , ω2 , ..., ωs }
of GF(q = 2s ) over GF(2). Denote by hω1 , ω2 , ..., ωj i the
span of the basis elements ω1 , ω2 , ..., ωj for j = 1, 2, ..., s.
As an example, hω1 , ω2 i = {a · ω1 + b · ω2 : a, b ∈ {0, 1}}.
We map the sets Mj0 for j = 1, 2, ..., s to hω1 , ω2 , ..., ωj i,
which are subgroups of the additive group of GF(q). More
generally, for each j = 1, 2, ..., s and x ∈ X we map Mjx
to one of the 2s−j cosets of hω1 , ω2 , ..., ωj i, where the coset
representatives are taken from hωj+1 , ωj+2 , ..., ωs i.
Example 1. Let α designate a root of the primitive polynomial x2 + x + 1 such that {1, α} is a basis of GF(4)
over GF(2). The sets M00 , M10 and M20 are mapped to
the subgroups {0}, {0, 1} and {0, 1, α, α + 1}, respectively.
The cosets of {0, 1} are {0, 1} and {α, α + 1}. Thus, M11
is mapped to {0, 1}, while M12 and M13 are mapped to
{α, α + 1}.

The error-correcting codes we consider for dealing with
the QMBC are GF(q) LDPC codes [6]. These codes are
defined by a sparse parity-check matrix with elements taken
from GF(q). This matrix is commonly visualized as a (bipartite) graph with variable (left) nodes corresponding to
codeword symbols, and check (right) nodes corresponding
to parity-check equations. The edge labels on the graph are
taken from the non-zero elements of GF(q). For clarity and
simplicity, we concentrate on regular (dv , dc ) LDPC codes.
Since the QMBC belongs to the class of partial-erasure
channels, we use the iterative decoder suggested for such
channels in [2]. In this decoder, sets of symbols are exchanged as messages in the decoding process. As usual, we
have variable-to-check (VTC) and check-to-variable (CTV)
messages. A CTV message CTV(l)
c→v contains all the possible symbol values of v that satisfy the parity-check equation
at c given the VTC messages to c at iteration l − 1. To
simplify its calculation, we use the sumset operation, defined
for two sets A and B that contain GF(q) elements as
A + B , {a + b : a ∈ A, b ∈ B} ,

(2)

where the addition is performed using the GF(q) arithmetic.
Denote the nodes adjacent to c by N (c). The CTV message
from check node c to variable node v is then:


X
hc,v0
(l−1)
(3)
· VTCv0 →c ,
=
CTV(l)
c→v
h
c,v
0
v ∈{N (c)\v}

where the sum is a sumset operation and the multiplications
are performed element-wise. Once all the CTV messages are
calculated, a VTC message is the intersection of the channelinformation set and the incoming CTV message sets:



\
\
(l)
(0)
VTC(l)
=
VTC
CTV
(4)
0
v→c
v
c →v .
0

c ∈{N (v)\c}

A decoding failure occurs if unresolved variable nodes
remain after the decoder terminates.
III. E DGE - LABELING A LGORITHM FOR I MPROVED
F INITE -L ENGTH P ERFORMANCE
A stopping set S is defined as a subset of variable nodes,
such that all the neighboring check nodes of S are connected
to S at least twice. A key result in BEC finite-length analysis
is that (fully) erased variable nodes in the maximal stopping
set remain erased when the decoder stops [3]. For the QMBC,
however, partially-erased coordinates within a stopping set
as defined above do not necessarily halt the iterative decoder,
and may eventually be resolved. The reason is that with
partial erasures the iterative decoder can make progress even
if two or more neighbours of a check node are partially
erased. This is demonstrated in the following example.
Example 2. Consider the Tanner graph in Figure 1, where
the variable nodes v1 and v2 form a stopping set. Suppose v1
and v2 are partially erased, each with the set {0, 1} (q = 4 is
assumed). The initial CTV messages from the lower check
node are {0, h1 /h2 } to v1 and {0, h2 /h1 } to v2 . If h1 =
h2 , the variable nodes are not resolved, as the intersection
operation at variable nodes results in {0, 1}. But in all label
combinations satisfying h1 6= h2 , they are resolved as {0}.
As shown in Example 2, the edge labels play an important
role in the resolvability of the stopping sets. Still, nonresolved partial erasures must belong to a stopping set.
Denote by E the index set of partially-erased variable nodes.

Fig. 1: v1 and v2 form a partially-erased stopping set (the
channel information sets appear to the left). The resolvability
of v1 and v2 depends on the value of the edge labels h1 , h2 .
Lemma 1. The variable nodes that remain unresolved when
the iterative QMBC decoder terminates belong to the maximal stopping set contained in E.
This lemma is based on the intuitive fact that for a
variable node to remain partially-erased, each of its adjacent
check nodes must observe at least two partial erasures.
Considering Example 2 and Lemma 1, an iterative-decoding
failure occurs on stopping sets whose edges satisfy a certain
edge-labeling configuration. We leverage this observation
and propose an edge-labeling algorithm for improved finitelength iterative-decoding performance. Our approach is to
increase the probabilty of resolving a stopping set with the
QMBC iterative decoder, unlike the common assumption in
the literature [7] that the stopping sets are decoded with a
maximum-likelihood decoder.In the following, we assume
the transmission of the all-zero codeword [1]. The partialerasure sets on the stopping sets are assumed to be of the
maximal order jmax allowed by the channel parameters, that
is, Mj0max . Consider a check node connected to κ variable
nodes v1 , v2 , ..., vκ partially-erased to the set Mj0max via
edges labeled h1 , h2 , ..., hκ .
Definition 1. The edge labels h1 , h2 , ..., hκ are said to be
κ-resolvable if v1 , v2 , ..., vκ are resolvable (i.e., decoded
correctly), independently of other variable nodes.
The existence of resolvable edge labels is proved in the following theorem. We consider the basis {1, α, α2 , ..., αs−1 } to
GF(q) over GF(2), where α is a primitive element of GF(q).
In this case, the elements in Mj0max are all the polynomials
in α of degree at most jmax − 1.

bs/jmax c−1
Theorem 2. The edge labels αijmax i=0
are
bs/jmax c-resolvable.
Proof. Suppose that κ ≤ bs/jmax c variable nodes are
connected to a check node with distinct edge labels taken

bs/jmax c−1
from αijmax i=0
. Denote the symbol of variable
node vi by xi , and its edge label by hi ; we claim that the
κ
P
only solution to the parity-check equation
hi · xi = 0 is
i=1

the trivial one. To see this, observe that hi are represented by
monomials in α having degrees separated by at least jmax .
That implies non-zero polynomials in the sets hi · Mj0max for
distinct i have different degrees. As polynomials of different
degrees cannot sum to zero, no non-trivial solution exists
in this case. From the zero-codeword assumption, having no
non-trivial solution implies the resolvability of the κ variable
nodes.
Based on Lemma 1 and Theorem 2, we propose an
edge-labeling algorithm for improved finite-length decoding
performance. From now on we set κ = bs/jmax c and use the
edge labels of Theorem 2. Note that any κ0 -subset of these
edge labels is also resolvable. We initialize the edge labels
to be uniformly selected non-zero elements from GF(q).

Algorithm 1. (Edge labeling)
1) Run the BEC iterative decoder with the channel parameter ε = εjmax for a predefined number of times. After
each run, store the set of unresolved variable nodes.
2) Initialize Σ as the subgraph induced by the variable
nodes from the sets of Step 1. Rank the variable nodes
by their number of occurrences in the sets.
3) Modify the edge labels of check nodes of degree at
most κ in Σ to resolvable edge labels. Set the rank of
connected variable nodes to 0.
4) Run over the sets found in Step 1 by ascending
cardinality. For each check node connected to a set:
a) Set κ0 as the minimum between κ and the number
of non-zero ranking variable nodes.
b) Modify κ0 edge labels connected to non-zero
highest-ranking variable nodes to κ0 -resolvable
edge labels.
The steps of Algorithm 1 are explained as follows. First,
we focus on stopping sets, as they are a necessary condition
for a decoding failure. Finding stopping sets is computationally hard [8], so we run the BEC decoder that fails on
stopping sets. Resolvable edge labels are then distributed
on edges connected to stopping sets, prioritizing edges
connected to variable nodes common among the sets found
in Step 1. A major advantage of Algorithm 1 is that the
graph topology remains unchanged, such that the degree
distributions are not affected. The performance improvement
of the algorithm is shown in Section V.
IV. F INITE -L ENGTH A NALYSIS OF
M AXIMUM -L IKELIHOOD D ECODING

Definition 3 reduces to the ordinary linear independence
definition when the partial erasures are full erasures. But
in our case, the columns of HE can be partially linearly
independent even if they are not linearly independent under
the ordinary definition. This is because the GF(q) coefficients
that map HE to the zero vector may be outside the sets
in Ej , and thus not consistent. An ML decoding failure
occurs if and only if the columns of HE are partially linearly
dependent. Let us define the set


0 ∆
hj
j
j0
0 ∈ M
:
h
∈
M
,
h
\
{0}
,
(5)
Mj,j
=
j
j
0
0
0
hj 0
obtained by an element-wise division of the set Mj0 by
0
Mj0 \ {0} (for certain j, j 0 ≤ s). We denote the cardinality
0
0
of Mj,j
by χj,j :
0
0

j=1

An ML decoding failure occurs if and only if there exists a
non-zero codeword, whose symbols indexed in Ej belong to
Mj0 . This leads us to the following definition.
Definition 2. A vector is said to be consistent with respect to
s
{Ej }j=1 if at every coordinate indexed in Ej it has a symbol
that belongs to Mj0 .
Example 3. Suppose q = 4, n = 3, E1 =
{2} and E2 = {3}. There are 8 consistent vectors: (0, 0, 0) (the all-zero codeword is always consistent), (0, 1, 0) , (0, 0, 1) , (0, 1, 1) , (0, 0, 2) , (0, 1, 2) , (0, 0, 3)
and (0, 1, 3).
A. Standard non-binary random ensemble
Consider the standard non-binary random ensemble
(SNBRE) of linear codes. Each code in the SNBRE is defined
by a parity-check matrix H of dimensions (n − k)×n, whose
entries are i.i.d. uniform random variables taken from the
GF(q) elements. For each H, we denote by HE the submatrix
formed by the columns indexed in E. We start with the
following definition.
Definition 3. The columns of HE are said to be partially
linearly independent if no non-zero consistent vector exists
in the null space of HE .

(6)

Example 4. Consider the finite field GF(4). Then χ1,1 =
0
|{0, 1}| = 2 and χj,j for j 6= 1 or j 0 6= 1 are 4.
Let ψ denote the probability that the columns of a randomly drawn HE are partially linearly independent. We make
s
the dependence of ψ on {Ej }j=1 implicit for notational
∆

convenience. We define x+ = max (0, x).
s

Lemma 3. Given {Ej }j=1 , let O contain all vectors of length
|E| in which j occurs |Ej | times. Then
!
!+
|E|
i−1
Y
Y
1−
χol ,oi /q n−k
.
(7)
ψ ≥ max
o∈O

In this section, we study the QMBC maximum-likelihood
(ML) decoding performance for both the standard non-binary
linear ensemble and LDPC ensembles, as a function of the
code length. As in the iterative-decoding case, we assume
(w.l.o.g.) that the all-zero codeword was transmitted. Denote
by Ej the index set of the variable nodes that are partiallys
∆ S
erased to the set Mj0 (j = 1, 2, ..., s), and define E =
Ej .

0

∆

.
χj,j = Mj,j
0

i=1

l=1

Proof. As the matrices in the SNBRE are equiprobable, ψ
s
s
is a function of {|Ej |}j=1 rather than of {Ej }j=1 . Let us
concentrate on some fixed but arbitrary choice of index sets
s
with cardinalities {|Ej |}j=1 . This choice is represented by
a vector o that contains j in indices of codeword symbols
partially-erased to Mj0 . Consider a matrix HE with columns
ei and denote by Ai the partial-erasure sets indexed in oi
(i = 1, 2, ..., |E|). We count in how many ways partially
linearly independent columns can be placed in HE .
Assume that the first i0 − 1 columns of HE are partially
linearly independent.
The) next column, ei0 , must satisfy
(0
iP
−1
{ei0 · Ai0 } ∩
el · Al = ∅. Thus, ei0 must not be conl=1

tained in the set Γ =
0

bounded by

iQ
−1

0
iP
−1

el · {Al / {Ai0 \ 0}}. |Γ| is upper

l=1

χol ,oi as the linear combinations of el in Γ

l=1

might not be distinct. We maximize over o ∈ O to tighten the
bound, and to obtain a probability we normalize by q (n−k)|E| ,
which is the number of possible HE matrices.
In fact, we can obtain the exact value of ψ in certain cases.
Consider a subset J ∗ of {1, 2, ..., s} such that each element
in J ∗ divides s and j 0 divides j for each j, j 0 ∈ J ∗ , j 0 ≤ j.
As an example, the possible choices of J ∗ for q = 4 are
{1}, {2} and {1, 2}. For the following lemma, we assume
that the basis elements {ω1 , ω2 , ..., ωs } are chosen such that
for j that divides s, the span of {ω1 , ω2 , ..., ωj } forms a
subfield of GF(q).
Lemma 4. Assume that Ej = ∅ for j ∈
/ J ∗ . Denote by o
the (now specific) vector of length |E| with s in its first |Es |

entries, s − 1 in its next |Es−1 | entries downto 1 in its last
|E1 | entries. Then
!
!+
|E|
i−1
Y
Y
ol
n−k
.
(8)
1−
2
/q
ψ=
i=1

l=1

Proof. We first note that if j divides s, the elements in Mj0
with the arithmetic operations of GF(q0 = 2s ) form a subfield
of GF(q). In a similar manner, Mj0 is a subfield of Mj0
0
if j 0 divides j. This implies that χj,j = 2j for j 0 ≤ j in
J ∗ . Consider the placement process depicted in the proof
of Lemma 3 and assume that we place the i0 th column.
From the ordering of o we get that χol ,oi0 = 2ol for l < i0 .
In choosing the vector ei0 we exclude all combinations of
o ,o
previous vectors el with coefficients in M0l i0 . Assume by
0
iQ
−1
contradiction that two of these
2ol combinations result
in the same vector. But this would imply an ei00 , i00 < i0
that is a combination of vectors el , l < i00 , with coefficients
o ,o
o ,o
o ,o
in M0l i0 . Since for any l , M0l i0 = M0l i00 , this is a
contradiction because it means that at step i00 we did not
exclude all partially dependent vectors, and thus the count is
exact with no over-subtraction.



Fig. 2: Exact ESNBRE P ML (H) as a function of ε1 , for
ε2 = ε1 /10 and q = 4 (solid lines). An asymptotically
equivalent QEC with ε = (3/5) ε1 is also shown (dashed
lines). The codeword lengths are n = 128, 256, 512 (top to
bottom) and the rate is 8/9 (Shannon limit: 0.185).

Let us denote by P ML (H) the probability of decoding
failure of a particular linear code defined by the parity-check
s
matrix H, given the QMBC parameters {εj }j=0 . We now
calculate the expected value of P ML (H), over codes (paritycheck matrices) drawn from the SNBRE.

The upper bound in (10) is tight, as it is attained for m =
2. We now calculate the number of consistent vectors (see
Definition 2) with a certain number of non-zero entries.

l=1

s

Lemma 7. Given E = {Ej }j=1 , the number of vectors with
w non-zero entries that are consistent with E is

Theorem 5.


ESNBRE P ML (H)
(9)
s


X
Y
n!
≤
εj |Ej | · 1 − ψ̃ ,
|E0 |! |E1 |!... |Es |! j=0
|E0 |,|E1 |,...,|Es |:
s
P
|Ej |=n
j=0

where ψ̃ is either the lower bound of Lemma 3, or its exact
value in the cases of Lemma 4 (in the latter cases, an equality
is attained in (9)).
Note that when all the partial-erasure sets are full erasures,
the o∗ of Lemma 3 is the all-s vector. In the BEC case
(s = 1), [3, Theorem 3.1] is obtained as a special case
of

Theorem 5. In Figure 2, we plot ESNBRE P ML (H) for a
q = 4 channel with ε2 = ε1 /10 and different n values. This
is compared to an asymptotically equivalent q-ary erasure
channel (QEC), i.e., with ε = ε1 /2 + ε2 . It is demonstrated
that the QMBC finite-length ML performance is orders of
magnitude better, though the Shannon limit is the same.
B. LDPC ensembles
In this part we derive the probability of ML decoding
failure for the regular (dv , dc ) LDPC ensemble over the
QMBC. We start with the following lemma, which will serve
us later in calculating the probability that a certain check
node is satisfied.


s 
Y
uj
|Ej |
2j − 1 .
uj

X

η (w) =
u:

s
P

uj =w,

(11)

j=1

j=1

uj ≤|Ej |

If q = 2 and all the partial-erasure sets
 are {0, 1} (i.e.,
BEC full-erasures), η (w) becomes |E|
w , the number of
binary vectors of length |E| with Hamming weight w. Let us
denote by P ML (G) the probability of ML decoding failure
for a certain Tanner graph G from the regular (dv , dc ) ensemble. As in [9], we use polynomial characteristic functions
to identify graph configurations leading to failure events,
but now enumerating
different configurations. We denote by

coef f (x) , xiP the ith coefficient fi of xi in the polynomial f (x) =
fi xi . ELDPC(dv ,dc ) P ML (G) denotes the
i≥0

expected probability of ML decoding failure, over LDPC
code graphs in the (dv , dc ) ensemble. Recall that η (w) is a
s
function of {|Ej |}j=1 .
Theorem 8.


ELDPC(dv ,dc ) P ML (G) ≤
X
n!

(12)
s
Y

εj |Ej |

|E0 |! |E1 |!... |Es |! j=0

|E0 |,|E1 |,...,|Es |:
s
P
|Ej |=n
j=0

Lemma 6. Consider a vector a of length m ≥ 2, whose
entries are i.i.d. random variables uniformly distributed on
the non-zero GF(q = 2s ) elements. Then
!
m
1−m
X
1
1 − (1 − q)
≤
.
(10)
Pr
ai = 0 =
q
q
−
1
i=1

coef

|E|


· min 1,

X

η(w)

·

1
q−1

dc

(1 + y)

− 1 − ydc

ndv
wdv

w=1





w ddv 
c

.

n ddv
c

, y wdv



Proof. An ML decoder fails if and only if there is a nontrivial solution to the equation HE xTE = 0, which is consiss
tent with respect to {Ej }j=1 :

Pr ∃xE 6= 0, xE is consistent : HE xTE = 0
(13)
X

T
≤
Pr HE xE = 0 ,
xE 6=0,xE is consistent

where the upper bound follows by the union bound. Consider an arbitrary but fixed consistent vector xE and denote
the number of its non-zero entries by w(xE ). There are
w(xE )dv edges connected to variable nodes corresponding
to the non-zero elements of xE . For HE xTE = 0 to hold,
each neighbouring check of the w(xE ) non-zero variable
nodes must be connected to these variable nodes at least
twice. As the total number of check nodes is nd
v /dc ,

n ddv
c
dc
w(xE )dv
,y
such
there are coef
(1 + y) − 1 − dc y

ndv
configurations out of the possible w(x
configurations
E )dv
of edges connected to w(xE ) partially-erased variable nodes.
According to Lemma 6, the probability that a certain check
node is satisfied is upper bounded by 1/(q − 1), assuming
uniform edge labels. The number of check nodes connected
to w(xE ) variable nodes is at least w(xE )dv /dc . Thus,
w(x )d /d
(1/ (q − 1)) E v c is an upper bound on the probability
that all check nodes connected to the w(xE ) non-zero variable nodes are satisfied, such that HE xTE = 0 holds. Finally,
by summing over all the possible weights of consistent vectors (counted by η (w) of Lemma 7) and taking into account
the channel partial-erasure probabilities, (12) is obtained. The
minimum in (12) is taken to tighten the upper bound.

(a) q = 4, jmax = 1 (decoding threshold 0.117).

V. S IMULATION R ESULTS
To evaluate the performance of Algorithm 1, we used
a regular (2, 18) LDPC code (rate 8/9), whose rate is of
interest in practical flash memories. Two codeword lengths
were considered: n = 504 and n = 1008. The average
decoding performance is measured by symbol erasure rate
(SER), where each variable node that remains partially erased
when the decoder terminates contributes to this quantity.
A comparison of the decoding performance results is
shown in Figure 3. The results show a considerable gain
thanks to Algorithm 1, up to more than one order of
magnitude in SER performance. Note that the performance
gap increases with q for a fixed partial-erasure set. This is
expected, as the number of resolvable edge labels increases
with q (see Theorem 2). In Figure 3b, we compare a
GF(8) code to a binary code, where each GF(8) symbol is
considered as 3 bits. It is demonstrated that a GF(8) code
with Algorithm 1 provides significantly better results.
VI. C ONCLUSION
This work offers a study of the finite-length performance
of iterative decoding of GF(q) LDPC codes over the QMBC.
We showed that unlike the binary case, partially-erased
stopping sets can be resolved by a wise setting of edge
labels, and proposed an edge-labeling algorithm for improved
finite-length decoding performance. For future work it will
be interesting to devise an algorithm that optimizes the graph
and edge labels jointly.
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(b) q = 8, jmax = 1 (decoding threshold 0.176).

Fig. 3: A comparison of symbol-erasure rate (SER) performance for GF(q) codes, between uniformly-distributed edge
labels and labels optimized using Algorithm 1. The decoding
thresholds are given for optimal edge-label distributions [1].
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