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Abstract—Erasure codes are widely used in in-memory sys-
tems, and wide-stripe designs have emerged to further reduce
redundancy. However, wide-stripe erasure codes incur high
repair bandwidth. Existing solutions reduce repair bandwidth
by increasing redundancy, which contradicts the wide-stripe
goal of minimal redundancy. Minimum Storage Regenerating
(MSR) codes can reduce repair bandwidth without additional
redundancy, but existing MSR designs are too complex for
wide-stripe settings and incur high computational overhead,
limiting repair efficiency. To address these challenges, we propose
LightMSR, a lightweight MSR code based on matrix operations.
LightMSR is tailored for wide-stripe environments, supports
multi-block recovery, and maintains low computational latency.
We implement LightMSR using the ISA-L and Jerasure libraries,
and evaluate it against wide-stripe RS and other MSR codes in a
Memcached-based in-memory system. Experimental results show
that LightMSR significantly reduces design complexity while
improving repair performance.

Index Terms—MSR, wide-stripe, repair algorithm, in-memory
system

I. INTRODUCTION

Compared with replication, erasure codes provide lower
storage overhead for comparable reliability [39]. They have
been widely adopted in distributed storage systems for data
repair in the event of storage node failures [2], [S[], [[7], [18]],
[26], [32], [34], [42], [44], [47], [50]. In recent years, an
increasing number of in-memory key—value (KV) stores have
adopted erasure codes in place of replication-based redundancy
[4]], [22]). It indicates that erasure coding is no longer confined
to disk-based storage but is being applied in in-memory
systems, where I/O is substantially faster.

Among erasure codes, Reed-Solomon (RS) codes [41] are
the most popular due to their maturity and effectiveness. RS
codes divide the original data into k data blocks and encode
them into m parity blocks of equal size. These k + m blocks
form a stripe from which any %k blocks are sufficient to
reconstruct the original data. The redundancy ratio is only
(k +m)/k [30].

Meanwhile, the concept of wide-stripe erasure coding has
been adopted in in-memory systems in recent years to further
reduce redundancy overhead [4], [22]], [48]]. In wide-stripe
RS, the number of data blocks k is made very large while
the number of parity blocks m remains fixed (e.g., m = 4),
thereby reducing overall redundancy while maintaining the
same fault tolerance [[10], [[14]], [21], [28], [45], [46].

Nevertheless, the wide-stripe RS codes exacerbate the repair
bandwidth demand. In RS codes, reconstructing a missing
block typically requires reading k surviving blocks; when k
is large, even a single-block loss triggers substantial repair
bandwidth [[14]], [33[]. This issue is especially acute in in-
memory systems: because I/O is extremely fast, network
latency has a proportionally greater impact on repair efficiency.

To alleviate this issue for wide-stripe scenarios, prior works
have proposed using Locally Repairable Codes (LRC) [14]]
and Minimum Bandwidth Regenerating (MBR) codes [22].
However, both approaches increase redundancy to achieve
repair bandwidth reduction. LRCs introduce extra local parity
blocks to reduce repair bandwidth for local failures [12],
[15], [35[, [40], while MBR codes combine replication and
coding that replicate the same data multiple times [6], [31].
While effective in reducing bandwidth, these methods deviate
from the fundamental design goal of wide-stripe erasure
codes—minimizing redundancy.

Fortunately, Minimum Storage Regenerating (MSR) codes
can achieve the same redundancy as RS codes while sig-
nificantly reducing repair bandwidth [29]. MSR codes can
be categorized into systematic codes [16], [24], [25[, [27],
[36], [38], which contain both original data and parity blocks,
and non-systematic codes [[1]], [3]], [8]], [L1], which store only
encoded parity blocks. Non-systematic MSR codes require
extra data access and computation even during normal read op-
erations. In contrast, systematic MSR codes preserve original
data blocks, ensuring low redundancy, low repair bandwidth,
and no negative impact on read performance. These advantages
have made systematic MSR codes the focus of increasing
research efforts in recent years, and some have been deployed
in real systems [[19]], [20], [37]. This work also focuses on
systematic MSR codes.

In MSR, each data block is further divided into w data
packets. These data packets form multiple sub-stripes, shifting
computation from a traditional block-based to a packet-based
way. Each parity packet is generated through a linear combina-
tion of data packets drawn from multiple sub-stripes. However,
existing systematic MSR codes are mostly studied for small %,
and most designs focus only on single-block failures [19], [20],
[37]. There are two primary challenges: (1) As k increases
or multiple block losses occur, existing MSR designs become
significantly more complex [16], [25], [27], [36], [38]], making
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Fig. 1: The comparison of the encoding and decoding processes between RS and MSR.

them infeasible for wide-stripe configurations; (2) Compared
to RS codes, the MSR codes operate on packets rather than
blocks, which increases encoding and decoding latency [16],
[25]], [38]]. For in-memory wide-stripe settings [4]], [22], where
I/O speed is very high, the additional computation latency of
MSR severely impacts data repair efficiency.

To address these challenges, this paper draws on the code
structure of the HashTag [16] and proposes a new MSR
algorithm called LightMSR. Under HashTag design, when & is
fixed, the value w can be flexibly configured within a certain
range, making it possible for wide-stripe configurations. In
contrast, many other MSR codes—due to their algebraic
constructions—require a much larger w in wide-stripe settings,
which limits their practicality. However, the original HashTag
algorithm suffers from complex encoding steps, incomplete
repair algorithms, and high computational latency, making
it impractical for large k. LightMSR effectively addresses
the aforementioned challenges and targets wide-stripe settings
with m = 4, which is a common practical configuration. This
novel MSR algorithm makes the following contributions:

e Based on wide-stripe characteristics, it designs a
lightweight MSR encoding process and derives a feasible
range of w instead of relying on a large fixed w.

o It enables efficient packet localization during repair in
wide-stripe scenarios and effectively handles multiple
block failures, unlike existing MSR schemes, which pri-
marily focus on single-block repair.

o It expresses all computations as matrix operations, en-
abling efficient acceleration and low computing latency
in erasure coding implementations.

In summary, LightMSR adopts the HashTag code structure
but fundamentally differs at the algorithmic level: It introduces
a new encoding process tailored to wide-stripe characteristics
with a refined formulation of w; It provides a complete and
efficient repair algorithm; It reformulates the core procedures
into matrix-based operations. These changes affect repair
bandwidth, recoverability, and practical efficiency. To the best
of our knowledge, existing practical MSR implementations
face substantial challenges in wide-stripe settings. The core

code is available at https://github.com/astl-xmu/LightMSR-
paper.

Section [lI] introduces the background and motivations. Sec-
tion describes the core algorithm of LightMSR. Section
presents the implementation and provides a performance
evaluation for LightMSR. Section [V| discusses the limitations
of LightMSR. Section |VI| discusses related work. Section
concludes this paper.

II. BACKGROUND AND MOTIVATIONS
A. MSR Codes

RS codes perform encoding and decoding at the block level.
In contrast, MSR codes divide each block into packets, and all
computations are performed at the packet level. As illustrated
in Figure [] (a), each data block is split into w data packets.
Since each data block is divided into the same number of
data packets, the packets at the same layer can be regarded
as a sub-stripe. Each sub-stripe contains k£ data packets and
m parity packets, where the m parity packets are generated
as linear combinations of the data packets from the same sub-
stripe and other sub-stripes.

Each parity packet contains data packet information drawn
from multiple sub-stripes. As a result, MSR codes enable
data repair by accessing only a subset of packets from each
remaining storage node, thereby reducing the repair bandwidth
required to recover the lost block as illustrated in Figure[l|(b).
However, different MSR codes employ distinct data-packet
selection strategies and computation orders when linearly
generating each parity packet. Consequently, the level of repair
bandwidth optimization achieved over RS codes can also vary
depending on the MSR design [[16]], [38]].

Currently, three major systematic MSR constructions have
been practically implemented and studied: Butterfly code
[25], Clay code [38], and HashTag code [|16]]. Butterfly code
supports only configurations where m = 2. Clay code is more
general and can support arbitrary k and m values. However,
like Butterfly code, Clay code enforces a fixed relationship
between w and k, where w grows exponentially or polynomi-
ally as k increases. Although Clay code cannot be applied to
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wide-stripe settings, it achieves the theoretical minimum repair
bandwidth for single-block repair and represents the current
state-of-the-art in systematic MSR code design.

The HashTag code differs in that the w value is not tightly
coupled with the %k value due to its structural characteristics
2<w< mﬁk). However, the HashTag algorithm suggests
setting w = mm to facilitate related computations. Although
LightMSR draws from the structure of HashTag codes, it
incorporates wide-stripe characteristics and adopts a different
encoding strategy, resulting in a redefined w range.

In the structure of HashTag codes, as adopted by LightMSR,
each parity packet is generated either by linearly combining
all £ data packets within the same sub-stripe, or by linearly
combining those k data packets together with an additional
k/m data packets drawn from different sub-stripes. However,
the HashTag code, like other traditional MSR codes, lacks
lightweight encoding processes and efficient packet localiza-
tion algorithms, which in turn necessitates hard-coded fixed
paths to ensure encoding and decoding; consequently, it is
unsuitable for wide-stripe settings and multiple block failures
and suffers from high computational latency.

As illustrated in Figure 2] conventional MSR codes, includ-
ing HashTag, rely on predefined hard-coded paths to perform
both encoding and decoding. In practical implementations,
they require a fixed and typically large w value, which is
tightly coupled with the parameters k£ and m. During the
Preparation stage of encoding and decoding, the system must
search these predefined paths to determine packet selection
and establish a valid computation order. In the Computation
stage, packet combinations are then carried out according to
the results of this path search.

Because these schemes fundamentally depend on hard-
coded paths, existing MSR code constructions lack an efficient
packet localization mechanism. As a result, most implemen-
tations primarily focus on single-block repair. In wide-stripe
settings, as k increases, these predefined hard-coded paths

become increasingly complex, substantially complicating im-
plementation and resulting in high computational latency. This
tight coupling between the encoding and decoding logic and
fixed paths ultimately limits scalability.

In contrast, as shown in Figure [2] LightMSR adopts a
fundamentally different algorithmic design. Both the encoding
and decoding procedures in LightMSR are formulated purely
as matrix operations, eliminating the dependence on prede-
fined hard-coded paths. In the Preparation stage, LightMSR
constructs the required matrices based on the generator ma-
trix, without performing path search. The Computation stage
then performs matrix multiplications without a predefined
sequence. This design simplifies implementation and improves
extensibility, especially in wide-stripe settings.

To better accommodate wide-stripe configurations,
LightMSR introduces a lightweight and randomized encoding
process and provides a more flexible range for selecting
w values. Furthermore, by formulating both encoding and
decoding purely as matrix operations, LightMSR enables a
complete packet localization algorithm. This design supports
multi-block repair, rather than being restricted to single-block
recovery, making it significantly more scalable and practical
for large-scale deployments.

B. Motivation

Compared to replication strategies, erasure coding not only
requires additional computation during data repair but also
incurs higher repair bandwidth [43]. In recent years, the
concept of wide-stripe has emerged to reduce redundancy
overhead [21]]. In wide-stripe RS, k is set to a large value while
m is typically fixed at 4, which further exacerbates the repair
bandwidth issue. This problem is significant in in-memory
erasure coding systems [4]], [17], [22], [51] (I/O speed is fast)
that network bandwidth and computation efficiency become
the system bottlenecks for repair.



TABLE I: Encoding and decoding latencies of different codes
under varying configurations.

Schemes (k,m) w Encode (u:s) | Decode (us)
RS 8, 2) 1 9 9
Butterfly [25] (8, 2) 128 38341 1042
RS 8, 4) 1 17 9
HashTag [16] (8, 4) 16 722 294
Clay [38] (8, 4) 64 17587 4793
RS (12, 4) 1 25 13
HashTag (12,4) | 64 5801 1534
Clay (12, 4) 256 22430 6147

In the past years, works such as LRC [14] and MBR [22]
have attempted to reduce repair bandwidth in wide-stripe set-
tings by increasing redundancy. However, this contradicts the
fundamental goal of wide-stripe design, which is to minimize
redundancy. MSR codes promise both low redundancy and low
repair bandwidth. However, they are currently not applicable
to wide-stripe scenarios for two main reasons:

(1) The complexity of MSR design limits its applicability
in wide-stripe environments: Existing MSR schemes face two
main challenges: (i) Some impose specific constraints on k, m
and w due to their mathematical construction, making them
unsuitable for wide-stripe configurations [25], [27], [38]; (ii)
The repair algorithms are overly complex and lack efficient
packet localization, typically supporting only single-block
recovery with small & [16], [23], [25]], [27], [38]]. To the best of
our knowledge, prior practical designs have not demonstrated
efficient deployment in wide-stripe settings.

(2) MSR codes suffer from extremely high encod-
ing/decoding latency: We evaluated several implementations
[19], [20], [37], measuring encoding latency and decoding
latency for single-block repair with w set according to each
code’s mathematical construction requirements, and with a
block size of 4KB [4] (In this test, encoding/decoding latency
refers to the sum of Preparation latency and Computation
latency). As shown in Table [} even for small k£, MSR exhibits
encoding/decoding latency that is orders of magnitude higher
than that of RS, often by factors of hundreds or even thou-
sands. The gap further widens as k increases (Under the wide-
stripe setting, where m = 4, existing MSR implementations
fail to support k values larger than those listed because these
implementations have hard-coded the data repair paths in
advance. When k exceeds the predefined range, data repair
becomes impossible. In particular, Butterfly codes only support
m = 2. Extending previous MSR implementations to support
larger k values would encounter the issues discussed in (1),
where the MSR algorithms become excessively complex and
difficult to implement in practice).

Motivated by the limitations of current MSR schemes,

this paper proposes LightMSR, a lightweight MSR algorithm
designed for wide-stripe scenarios with m = 4, the most
common configuration in practice.

III. THE DESIGN OF LIGHTMSR CODE

This section introduces the LightMSR algorithm and its
matrix-based encoding and decoding operations. It presents
the conditions for parameter selection and the lightweight en-
coding process, followed by the decoding procedure including
packet localization and computation. In addition, this section
provides reliability analysis and examines the bounds and
structural analysis of repair bandwidth.

As illustrated in Figure [2] both encoding and decoding in
the in-memory system consist of four stages: I/O, Network,
Preparation, and Computation. LightMSR primarily redesigns
the algorithmic logic in the Preparation and Computation
stages. However, the algorithmic logic will affect the I/O and
Network stages.

A. Encoding

LightMSR is designed for practical wide-stripe deployments
with large & and m = 4, which is the most common
configuration. To simplify the coding process, we specialize
the design to this setting and require both k£ and w to be
multiples of m. Under this setting, the code contains four
parity blocks, parity; through parity,.

1) Definitions: Let the original data packets form a matrix
(Assume each packet is 8 bits in size, which corresponds to
one element in the GF(2%))

D = [d; j] € GF(28)"k.

To guide cross-layer packet selection, LightMSR pre-
generates a matrix

Ae{l,... wk/mxw,
Each row of A is a permutation of {1,2,...,w} and is divided
into m = 4 groups:

T T T T
1 29 3 49

where r € {1,...,k/4}. Each group has size

Among all k groups generated across A, we require global
uniqueness:

Vi;éjE{l,...,k‘}, {Gz}#{GJ}

That is, no two groups contain exactly the same set of
elements, even if the ordering differs. The total number of
candidate groups is

o= ()= (3)

Thus, the minimum valid w is

()
9s€ZL>1 gs

Wmin(m, k) =m - min



This condition guarantees that the number of candidate groups

is sufficient to assign k globally distinct groups, thereby

ensuring that the uniqueness constraint on A is feasible.
Each group G, is mapped to a column of D by

col, =(r—1)-4+s.
The Cauchy matrix
U e GF(28)4w><(k+k/4)

provides the encoding coefficients.
2) Encoding Rules: Let p;; denote the ¢th packet in
parity;.
a) Same-layer encoding: For all t € {1,2,3,4},

k
pz(‘,stamE) = Z \I’z'—&-(t—l)w,j ~d; 5.
j=1

b) Cross-layer encoding: Only paritys—parity, include
cross-layer packets. For group G, the selected cross-layer
source for parity; is

t r
Gl = Glir 1y moa sty T €1{2,3,4}.

~eoly -1 1
Y=l .

Then the cross-layer contribution is

(cross) __
Dit = Z Uit (t—1)w, k4 Dz colr -

Let

zEGgi)
c) Final parity:
__(same) (cross)
pi,t _pi,t +pi,t ) t € {27?”4}7
pi1= pg:slamE)

Algorithm [I] presents the construction procedure of matrix
A, which only needs to be executed once during initialization
when k remains fixed. Under the above condition on w, A
can be constructed to satisfy the required uniqueness property,
which in turn guarantees deterministic recoverability.

A candidate row of A is accepted only when all its groups
pass the global uniqueness check. Therefore, once A is gener-
ated and validated, the random seed does not affect the recov-
erability guarantee. The seed only affects the overlap pattern
among valid groups, which is analyzed in Section In
failure correlated environments, an unfavorable overlap pattern
may affect repair bandwidth variation across different loss
patterns, but it does not violate recoverability as long as the
validated uniqueness constraint holds. A system can therefore
use a fixed and validated A during deployment. The complete
LightMSR encoding procedure is summarized in Algorithm [2}

Algorithm 1 Generation of A

Require: %k, w, m =4
Ensure: A
I: gs ¢« w/m, U +
2: for r =1to k/4 do
3: valid < false

4: while not valid do

5: Generate a random permutation of {1,...,w}
6: Partition it into G, G5, G5, G},
7: valid < true

8: for s =1to 4 do

9: if Sort(GY) € U then

10: valid + false

11: break

12: end if

13: end for

14: end while

15: for s=11to 4 do

16: Add Sort(G%) to U

17: end for

18: Write the row into A

19: end for

3) lllustrative Example: Consider k = 8 and w = 8. The
data matrix D has size 8 x 8. Each packet in parity; uses
k = 8 same-layer packets. Each packet in paritys-parity,
uses the same 8 same-layer packets plus k/4 = 2 cross-layer
packets. Assume

1 2 3 45 6 7 8
A:

1 3 2 45 7 6 8

The first group in the second row is {1,3}, which maps to
column 5 in D. For paritys, the associated group is {2,4} (the
first group among the remaining three groups in the same row),
so the data packets da 5 and dsp5 are included in the linear
combination for the Ist and 3rd parity packets of paritys.
Similarly:

o paritys uses {5,7}, i.e., d55 and dr 5.

e paritys uses {6,8}, i.e., dg 5 and ds 5.

This logic is repeated for all groups of the A matrix.

4) Encoding Implementation: According to the above
mathematical model, after the matrices A and ¥ are prepared
according to the input parameters k£ and w, the encoding
process is divided into two stages in our implementation: the
Preparation stage and the Computation stage.

In the Preparation stage, based on matrix A and the parity
packet generation procedure, the corresponding computation
matrices are then derived (used to perform the linear compu-
tation of parity packets).

In the Computation stage, the parity packets are generated
according to these computation matrices. Since all operations
in this stage involve matrix computations, libraries such as



Algorithm 2 LightMSR encoding

Algorithm 3 LightMSR decoding

Require: D, A, ¥, k, w, m =4

Ensure: parity,, paritys, paritys, parity,
1: for i =1 to w do
2: for t =1 to 4 do
3: Compute same-layer part:

k
pz(;s;tame) - Z ‘I/z'+(t—1)w, j “d;

j=1
4 end for
5: end for
6: for r =1to k/4 do
7: for s=1to 4 do
8: coll +— (r—1)-4+s
9: o {Coﬁ_li +1
10: for t =2to 4 do
11: Select cross-layer group:
Giil) = Glst1—1) mod 441
12: for i =1 to w do
13: Accumulate cross-layer part:
pgiross) — pE;TOSS) + Z \I]i+(t71)w, ety dz,colg
ZGGS(:I)
14: end for
15: end for
16: end for
17: end for
18: for i =1 to w do
19: Pi1 pl(;sltzme)
20: for t =2 to 4 do
21 Pis pgftame) +p§ftross)
22: end for
23: end for

ISA-L or Jerasure can be utilized to implement and accelerate
the computation process.

B. Decoding
Suppose ¢ data columns are lost, where

7j(1} g [Lk]v

The goal is to recover all lost packets in these columns.
1) Definitions: Let

z € GF(28)™

lost_cols = {j1,j2, - - 1<g<4.

denote the unknown vector formed by the lost packets, ordered
as

xr = {dle,...

For each lost column j € lost_cols, its corresponding row
index and group index in A are

adw,j17 dl,j27"'7dw,j25 ceey dl,jq7--

j—1
row_idxr = VJ +1, group_idx = (j—1) mod m+1.
m

g, }

Require: lost_cols, A, ¥, parity packets
Ensure: All lost packets in lost_cols
1: Construct unknown vector x from all lost packets in
lost_cols
B+
: for each j € lost_cols do
row_idx L%J +1
group_idx < (j — 1) mod m + 1
B+ BUGuztis,
end for
: Step 1: Construct the Base Equation Set
: Use all p;, with ¢ € B and ¢ € {1,2,3,4} to form base
equations
: Move unknown terms to the left-hand side and known
terms to the right-hand side
11: Construct

R A A A o

—_
=]

R-z=py

12: Step 2: Construct the Supplementary Equation Set

13: Reorder columns of R so that variables with ¢ € B appear
first

14: Apply Gaussian elimination to R

15: Restore the original column order

16: Identify free variables Deyipq = {di; € x| i ¢ B}

17: if Degirq # ) then

18: Add parity equations p;; for each d; ; € Degirq and

te{l,...,q}
19: Move unknown terms to the left-hand side and known
terms to the right-hand side
20: Construct
Q T = Pn
21: else
22: Q<+ R, p,+m
23: end if

24: Step 3: Solve the Final Linear System
25: Compute the row reduction of ()
26: Recover

27: Return all packets in z

Let Grow_idm

group_idx

= U

j€lost_cols

be the corresponding group in A. We define

row_idx
Ggroup_idz’

Biern, = |B|.

The packets indexed by B are used to construct the base
equation set. If supplementary equations are needed, they are
added on top of the base set to form the final linear system.

2) Decoding Rules:

a) Step 1: Construct the Base Equation Set: For each
i € B and each parity block ¢t € {1,2,3,4}, we use parity
packet p; ; to form one linear equation. This gives 45;.,, base
equations in total.



After moving all terms involving lost packets to the left-
hand side and all known terms to the right-hand side, the base
system is written as

R -z = py,

where

R e GF(28)UBen)x(aw) =y, e GF(28)4Bren,

b) Step 2: Construct the Supplementary Equation Set:
To preserve the variables indexed by ¢ € B during elimination,
we first reorder the columns of R so that these variables appear
first, then apply Gaussian elimination, and finally restore the
original column order.
If free variables still remain after elimination, define

Degira = {di,j cx | ) ¢ B}

For each variable in D.;rq, we add parity equations from
rows ¢ and from parity blocks parity, to parity,. Let £ denote
the supplementary equation set, and let

E= q- ‘Deztra|

be the number of added equations. Combining the base and
supplementary equations yields

Q T = p’rla
where

Q c GF(28)(4BZCTL+E)X(QU/)7 P € GF(28)4BZC71+E’

c) Step 3: Solve the Final Linear System: We apply row
reduction to @. Let T be the corresponding transformation
matrix. Then

T- Q = rref(Q),

The recovered vector x gives all lost packets in lost_cols.
The complete LightMSR decoding procedure is summarized in
Algorithm [3] Once A satisfies the global uniqueness constraint
and V¥ is constructed from a Cauchy matrix, the recoverability
problem becomes equivalent to solving the induced linear
system for the considered ¢ < m failures.

3) Illlustrative Example: We illustrate the decoding proce-
dure with an example from [[lI-A3] when column 1 and column
5 of the original matrix D are lost (lost_cols = {1, 5}).

According to the A matrix, these two lost columns corre-
spond to the first and fifth groups of the matrix. The row
indices associated with these groups are {1, 2} and {1, 3}.

Taking the union and removing duplicates, we obtain:

z="T:py.

B=1{1,2 3}, Bin=3

From this, we select all parity packets from parity; to
parity, whose row indices belong to B, i.e., rows 1, 2, and
3. These yield 4 x 3 = 12 base equations:

{P1,17P2}171?3,17P1,27P2,2,P3,27P1,3,p2,37p3,37p1,4,p2,47103,4}~

As an example, one such equation is p;,;, which can be
expressed as:

8
Z‘I’l, jdij=p11

j=1

After moving all terms involving d; ; for j € lost_cols =
{1, 5} to the left-hand side, and the rest to the right-hand
side, we obtain:

8
Wig-dig+¥i5-dis=pi1+ Z Uy -di;
j=1
!

Repeating this transformation for all 12 base equations
yields a coefficient matrix R € GF(28)12%16_ Since ¢ = 2
and w = §, there are ¢ - w = 16 unknowns to recover. We
then reorder the columns of R such that the variables d; ;
with ¢ € B = {1,2,3} appear at the front. Row reduction
is performed, and the columns are returned to their original
positions. Suppose after Gaussian elimination, two additional
unknowns d7; and ds; (¢ ¢ B) remain as free variables.

To resolve these variables, we add the corresponding parity
equations from rows 7 and 8 in parity; and paritys (since
q = 2). That is:

E={pr1, P81, P72, P82}, E=4

This extends the system from 12 to 16 equations. Each new
equation is processed in the same way as before: unknown
terms are moved to the left-hand side, and known terms to
the right-hand side. We then construct a new matrix @ €
GF(28)'6>16 and a right-hand side vector p,, € GF(2%)16,

Finally, we compute the row-reduced form of () using a
transformation matrix 7". The recovered vector = contains all
16 lost data packets in columns 1 and 5 of D.

4) Decoding Implementation: According to the above
mathematical model, the decoding process is divided into two
stages in our implementation: the Preparation stage and the
Computation stage.

In the Preparation stage, the row and group indices of
matrix A are determined according to the locations of the
lost data blocks, and B is subsequently generated. Then,
the Gaussian elimination operations on sub-matrices from
matrix WU according to matrix A and B are performed to
locate the packets required and to construct the corresponding
computation matrices (used to perform the linear computation
involved in restoring the data packets).

In the Computation stage, the lost data packets are regen-
erated using the corresponding computation matrices. Both
the Gaussian elimination operations in Preparation stage and
matrix multiplications in Computation stage are matrix op-
erations. These operations can be efficiently implemented and
accelerated using software libraries such as ISA-L or Jerasure.

C. Recoverability Analysis

a) Theorem: Let m and w be fixed. For any set
lost_cols C {1,...,k} with |lost_cols| = g < m, the
decoding procedure of LightMSR recovers all lost packets;
equivalently, the constructed linear system has full rank wq.



b) Assumptions: (1) Each row of A partitions {1,...,w}
into m disjoint groups of size w/m, and all groups are
globally distinct as sets. (2) For a lost column j, its group is
denoted by G, and the remaining groups in the same A row
are mapped bijectively to paritys, ..., parity,,; moreover,
cross-layer packets used by paritys,...,parity,, are always
selected from offsets different from the current offset. (3) The
encoding coefficients are drawn from a Cauchy matrix W.

c) Proof: Let lost_cols = {j1,...,jq}. The unknown
packets are

x=A{d;,; |1<i<w, j€lost_cols},

with total number wq. For each j € lost_cols, let G be its
associated group and let
U a

j€lost_cols

B =

For any fixed offset ¢ and the ¢ parity families t =1,...,q,
consider the ¢ equations {p; ;}. After moving all known terms
(j ¢ lost_cols) to the right-hand side, the coefficients of
{dij,,...,d;;,} in these q equations form the ¢ x ¢ submatrix

M; = ‘I’[{’L + (t - 1>w}§:1’ {jl» v 7jq}}'

Since ¥ is Cauchy and the selected rows/columns are distinct,
M; is invertible.

Step 1: Base equations. For each i € B, LightMSR
includes {p;; | 1 <t < m}, hence it includes in particular
{pit | 1 <t < g}. Therefore, for every i € B, the system
contains the ¢ equations whose same-layer coefficient matrix
on {d;j,,...,di;, } is M;, and thus provides ¢ independent
pivots. Hence Step 1 yields ¢|B| pivots.

Step 2: Supplementary equations. For each offset : ¢ B
(if any), LightMSR adds {p;; | 1 < t < q}. By As-
sumptions (1)—(2), any cross-layer term in these equations
involves only unknowns d.; with z # ¢; moreover, the
disjoint partition within each A row and the global group
uniqueness ensure that these cross-layer selections do not
collapse into a degenerate self-dependence on the same offset.
Hence, treating all unknowns with z # 4 as parameters,
the ¢ supplementary equations at offset ¢ reduce to a linear
system in the ¢ unknowns {d;j,,...,d; ; } with coefficient
matrix M;. Therefore, these ¢ equations uniquely determine
{dij,,...,d;;,} and contribute ¢ independent pivots for this
offset. Repeating for all i ¢ B yields ¢(w — |B]) additional
pivots.

Step 3: Full rank. The total number of pivots is

q|B| + q(w — |B]) = wq.
Therefore the coefficient matrix has full rank wq, and all lost
packets are uniquely recoverable. (]

D. Bounds and Structural Analysis of Repair Bandwidth

a) Setup: Reconstructing ¢ data blocks requires extract-
ing wq equations from parity (reading wq parity packets).
Let F' be the number of data packets read; total packets read:
wq + F.

b) Lower bound: When the indices of groups corre-
sponding to the lost columns are all distinct, we have |B| =
(w/m)q. In this case, only the base equations are present,
with no supplementary equations, and solving the base system
requires reading relatively few data packets from other layers.
If no additional cross-layer data packets need to be read, then
the minimal theoretical number of packets read is

wq+ (k= q)—q = (k+m=q)—q
m m

¢) Upper bound: When overlaps occur in the indices

of groups corresponding to the lost columns, both base and

supplementary equations are present, and solving the system

requires reading more data packets from other layers. If,

across the w layers, the same-layer packets contained in

paritys, ..., parity,, and the cross-layer packets contained
in paritys, ..., parity,, are all involved, then
k 2m — 1)k
Fowe = 0| = )+ om = )| = [ CR2E ]
m m

and the maximal theoretical number of packets read is
(2m — 1)k (2m — 1)k

wq—i—w[ = w

d) Structural Growth of Repair Bandwidth: The total
number of packets read by LightMSR is wq + F', where wq
parity packets provide the required linear equations and F
counts the data packets read to construct the right-hand side.

As ¢ increases, the required rank of the decoding system
grows linearly as wq. When the union of involved groups B
satisfies | B| = (w/m)q, the base equations already supply wgq
independent equations. However, overlaps among the ¢ groups
reduce |B| below (w/m)gq, creating an equation deficit

A =wg—m|B| >0,

which must be compensated by supplementary equations. The
data packet reads F' grow for two structural reasons:

First, ' contains the same-layer known terms from all
involved layers. Since F' scales at least proportionally to
|B|, and the expected size E[|B|] increases with ¢, the base
component of I’ increases as g grows.

Second, when overlaps occur (A > 0), supplementary equa-
tions are required. Each supplementary equation introduces
additional same-layer known terms (and potentially cross-
layer terms) that must be read. Because the required deficit
A increases with ¢ when overlaps become more likely, the
supplementary component of F' increases accordingly.

Therefore, as ¢ increases, both the enlargement of |B| and
the increasing likelihood of overlap induced supplementary
equations jointly cause a structural growth of F, leading to
higher repair bandwidth. When ¢ becomes close to m, the
reconstruction process involves nearly all data packets, and
the repair bandwidth correspondingly approaches saturation.
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Fig. 3: Architecture of the experimental prototype. LN denotes
a logical node, and PN denotes a physical node.

IV. EVALUATION

In this section, we evaluate the repair and degraded read
performance of LightMSR in an in-memory system built on
Memcached 1.6.14. We compare LightMSR with wide-stripe
RS, the most widely used erasure code, and with other MSR
codes, namely Clay and HashTag. In addition, we evaluate
normal read and write performance under YCSB workloads.

A. Experimental Setup

We implement LightMSR in C++, with ISA-L and Jerasure
used for Gaussian elimination and matrix multiplication. The
LightMSR algorithm contains approximately 1K SLoC. All
codes are evaluated on the same experimental platform. Our
experiments are conducted on five identical physical machines,
each equipped with Intel Xeon Gold 5318Y CPUs and 128GB
DDR4 memory. One machine hosts the client and the con-
troller, while the other four machines form the storage cluster.
We evaluate the system under both 10G TCP [4]], [22] and
100G RDMA [9]] network environments.

LightMSR requires Gaussian elimination and matrix mul-
tiplication, which are not specific to any CPU architecture.
Our prototype uses ISA-L when its GF(2®) routines are ap-
plicable, because ISA-L is a widely used and highly optimized
erasure coding library on Intel platforms. For configurations
that require GF(2'%), which is beyond ISA-L’s supported
mode, we use Jerasure instead. Thus, ISA-L improves the
absolute performance of our prototype on Intel CPUs, but the
correctness and applicability of LightMSR do not depend on
ISA-L.

Figure |3|illustrates the overall architecture. The client is re-
sponsible for issuing user read and write requests. All requests
are forwarded to the controller, which serves as the centralized
control plane of the prototype. The controller maintains global
metadata, uniformly and randomly places data blocks across
all logical nodes, coordinates request execution with storage
side proxies, receives failure and repair completion notifica-
tions, and determines whether the system should operate in
normal read mode or degraded read mode. This centralized
design is reasonable in our testbed since all coding schemes
are evaluated under the same control path.

On the storage side, each of the four physical machines runs
one proxy process and (k + m)/4 Memcached instances, re-
sulting in a total of £+ m Memcached instances in the storage

cluster. Each Memcached instance emulates one logical node,
and all system operations, including placement, read/write,
failure injection, and repair, are performed at the logical-node
granularity rather than the physical-node granularity [45]].

Each proxy communicates with the controller and manages
all Memcached instances on its local machine. Upon receiv-
ing requests from the controller, the proxy reads or writes
the corresponding KV pairs from or to local Memcached
instances. Data are stored as block-level KV pairs. Therefore,
RS-based repair transfers entire blocks. For MSR-based repair,
although a proxy reads a full block from the corresponding
Memcached instance, it transmits only the required packets
for recovery. This design is adopted because memory /O
is substantially faster and is not the dominant bottleneck
in our in-memory setting. We use block-granularity storage,
since packet-granularity placement would introduce additional
metadata and storage management overhead.

In addition to serving requests, each proxy monitors the live-
ness of its local Memcached instances. When a Memcached
instance fails, the corresponding proxy reports the failure to the
controller, obtains metadata, and launches a new Memcached
instance to replace the failed one for repair. After the controller
receives a failure notification, it switches the system from
normal read mode to degraded read mode so that subsequent
requests can be served correctly during recovery. Once repair
is completed, the responsible proxy reports completion to the
controller, and the controller switches the system back to
normal read mode. In our implementation, write encoding and
degraded read decoding are performed at the controller, while
repair decoding is performed at the responsible proxy.

B. Parameter Settings

The block size is the same across schemes within each
experiment to ensure fairness, since each scheme is required
to protect and recover the same block object. Since the w is
intrinsic to each code construction, keeping the same block
size necessarily results in different packet sizes. This differ-
ence is therefore part of the coding tradeoff being evaluated,
rather than an artifact of the implementation. We compare the
cost of recovering the same failed block, rather than enforcing
the same repair granularity across codes.

In the comparison with RS codes, the k value is set to
16, 32, 64, 128, 192, and 256, respectively (typical wide-
stripe k values). According to the mathematical model of
LightMSR encoding and the definition of the minimum w,
the corresponding w,,;, values are 8, 12, 12, 12, 12, and 16,
respectively. To facilitate system management, the packet size
is set to 4KB. Accordingly, for w = 8-16, the corresponding
block sizes are in the range of 32KB to 64KB (4wKB).

In the comparison with other MSR codes, existing MSR
implementations fail to support k values larger than 12 because
the repair paths are hard-coded in advance under the wide-
stripe setting (m = 4). When k exceeds the predefined range,
data repair becomes infeasible. Therefore, k is fixed to 12 in
this part of the evaluation. The w values for the Clay code
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Fig. 4: Repair time of RS and LightMSR for a single-node
failure under different k values over a 10G TCP network (NS
indicates that ISA-L does not support code implementations
with k& > 128).

and HashTag code are determined by their respective mathe-
matical constructions and are set to 256 and 64, respectively.
LightMSR is evaluated with w,,;, = 8, and we additionally
include w = 16 and w = 64 in the comparison as sensitivity
tests. Since the w values vary significantly across different
MSR codes, enforcing a fixed 4KB packet size for all schemes
would lead to excessively large block sizes when w is large,
which is impractical for in-memory systems. Therefore, we
use w = 64 as a reference and set the packet size to 4KB
under this configuration (256KB block size). For smaller w,
the packet size remains a multiple of 4KB, while for larger w
we relax this constraint to avoid overly large blocks.

Since the coefficient matrix ¥ for LightMSR is at least the
(mw) x (k+ %) Cauchy matrix, the finite field GF(2") must
satisfy 2™ > mw + k + % However, the ISA-L library only
supports computations over GF(2%); therefore, all test cases
with & > 128 are implemented using the Jerasure library under
the GF(2'6) arithmetic mode. In addition, all MSR codes
employ the ISA-L library to accelerate matrix operations in
the comparison for MSR codes.

C. Repair and Degraded Read Performance

Each Memcached instance is preloaded with 512MB of
synthetic data using YCSB. We evaluate both the total repair
time for failed logical nodes and the latency breakdown of
degraded reads.

1) Comparison with RS:

a) Single-Node: Under a 10G TCP network, we measure
the total time required for single-node repair. As shown in
Figure 4 LightMSR significantly reduces the single-node
repair time compared with RS, and this performance gap
increases further as k grows.

As shown in Figure 5] to further break down the latency
of single-stripe recovery, we measure the average degraded
read latency of a single stripe and report the contribution of
each part at k = 128. This is because degraded reads follow
the same recovery subroutine as single-stripe repair, namely
packet retrieval and linear equation solving.
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Fig. 5: Breakdown of the average degraded read latency for a
single stripe in RS and LightMSR under a single-node failure
with k = 128 over a 10G TCP network.
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Fig. 6: Repair time of RS and LightMSR for different numbers
of node failures with k£ = 128 over a 10G TCP network.

The I/O part corresponds to the Get operations from Mem-
cached instances, and network part represents read requests
from controller. The preparation part mainly involves setting
up the decoding matrices and scheduling data computation.
For RS, this includes matrix inversion, while for LightMSR,
it involves reduced row operation—both belonging to Gaussian
elimination operations. The computation part corresponds to
matrix multiplications.

Compared to Jerasure, ISA-L has fewer layers of software
abstraction; thus, it performs less efficiently for Gaussian
elimination operations (e.g., RS decoding preparation), but
achieves higher efficiency in matrix multiplication. In con-
trast, Jerasure’s additional software optimizations improve the
efficiency of Gaussian elimination (e.g., the reduced row
operations in LightMSR preparation) but decrease matrix
multiplication performance. Consequently, RS implemented
with ISA-L exhibits consistently higher preparation latency
but lower computation latency in decoding.

Compared with RS codes, LightMSR also requires Gaussian
elimination operations during the preparation part, which
are analogous to the matrix inversion procedures used by
RS. However, because the matrices involved in LightMSR
are significantly smaller, its preparation latency is negligible
compared with RS. On the other hand, LightMSR performs
multiple small matrix multiplications, which lead to a slight
increase in computation latency compared with RS. Overall,
LightMSR achieves clear advantages in single-node repair, in
terms of both decoding computation and repair bandwidth.

b) Multi-Node: As shown in Figure [6] we further mea-
sure the total time required to repair different failed nodes for
both RS and LightMSR. Among all implementations, the ISA-



TABLE 1II: The percentage of LightMSR’s average repair
bandwidth relative to RS’s repair bandwidth when recovering
different numbers of data blocks.

(k,w) 1-block | 2-block | 3-block | 4-block
(16, 8) 40.5% 79.1% 100.8% | 101.0%
(32,12) 40.4% 79.9% 100.3% | 100.9%
(64,12) 40.3% 80.1% 100.3% | 100.8%
(128,12) 40.3% 80.1% 99.6% 100.8%
(192,12) 40.3% 80.1% 99.4% 100.6%
(256, 16) 40.2% 79.9% 99.4% 100.9%

L-based LightMSR consistently delivers the best performance
and maintains a clear advantage when repairing one or two
nodes. The Jerasure-based LightMSR performs slightly worse,
but even in the worst case, it remains roughly on par with
the Jerasure-based RS implementation. In contrast, the ISA-
L-based RS shows the poorest performance, primarily due to
its consistently high preparation latency.

As the number of failed nodes increases, the advantages
of LightMSR diminish significantly. This is primarily because
LightMSR no longer retains a bandwidth advantage during the
repair process. In addition, the preparation phase of LightMSR
mainly involves Gaussian elimination operations, and the
matrix size depends on the value of w and the number of
lost data blocks. As the number of failed blocks grows, the
resulting increase in decoding computation further reduces
LightMSR’s advantage, leading to a noticeable increase in
overall repair time.

We measured the average repair bandwidth of LightMSR
when recovering different numbers of data blocks, expressed
as a percentage of the bandwidth required by RS. The re-
sults in Table show that, regardless of the value of k,
LightMSR’s bandwidth usage during single-block and two-
block recovery consistently remains around 40% and 80%,
respectively, of that of RS. Although large-q failures are
possible in wide-stripe systems, their likelihood decreases as ¢
increases. Furthermore, even for large ¢, LightMSR does not
suffer additional performance degradation compared with RS,
which preserves its practical value.

¢) Memory Consumption: Figure []] presents the memory
usage of RS and LightMSR to recover different numbers of
data blocks within a single stripe at £ = 128. Since Jera-
sure is more extensively optimized for Gaussian elimination
operations, it requires greater memory resources to support
these optimizations. Consequently, the Jerasure-based RS im-
plementation exhibits higher memory usage during decoding.

Although LightMSR involves a larger number of matrices
for packets, each matrix is relatively small in size. Its dimen-
sions depend only on w and the number of lost data blocks. As
a result, LightMSR’s memory consumption is lower than that
of Jerasure-based RS, yet slightly higher than ISA-L-based
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Fig. 7: The memory required by RS and LightMSR to recover
different numbers of data blocks with k = 128.
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Fig. 8: Repair time of other MSR and LightMSR for a single-
node failure with £ = 12 over a 10G TCP network.

RS. Furthermore, the memory usage of both RS and LightMSR
remains largely unaffected by changes in the number of lost
data blocks and shows stable growth as k increases.

2) Comparison with Other MSR Codes:

a) Single-Node: Figures [§ and [9] compare LightMSR
with Clay and HashTag codes over a 10G TCP network,
where LightMSR is evaluated with varying w values and
Clay/HashTag with fixed w value. Traditional MSR imple-
mentations lack an efficient algorithm for locating valid data
packets during repair, and a matrix transformation algorithm
that enables parallelized computation.

As a result, implementations of Clay and HashTag must
explicitly schedule computation steps during the preparation
part and execute them sequentially during computation part,
both of which incur substantial time overhead. These costs
increase further as w grows. Moreover, due to the intrinsic
complexity of their algorithms, such codes are difficult to
implement efficiently and are generally limited to small &
values and single-block recovery scenarios.

The overall latency of Clay and HashTag is significantly
higher than that of LightMSR. In particular, Clay codes with
larger w values exhibit much higher I/O and network latencies,
in addition to greater computational overhead. Even as w
increases, LightMSR maintains substantially lower latency
compared to HashTag with the same w, owing to its efficient
packet location and matrix transformation algorithms that
enable effective computation parallelization.

To further examine the reduction in repair bandwidth
achieved by each MSR code, we measure the single-block
repair bandwidth for all MSR codes. As shown in Table[[I] the
Clay code achieves the lowest single-block repair bandwidth
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TABLE III: The percentage of single data block repair band-
width of different MSR codes relative to RS repair bandwidth
with k = 12.

Schemes Clay HashTag | LightMSR | LightMSR | LightMSR
w 256 64 8 16 64
Percentage | 30.5% 38.8% 40.3% 40.3% 40.2%

under the given w value. However, its excessively large w
value leads to very small packet sizes, which in turn causes
frequent I/O and network transmission requests. This results in
higher I/O and network latencies. Increasing the packet size to
mitigate this issue would enlarge the overall block size, which
is undesirable in in-memory systems.

Although the HashTag code shares a similar structural
design with LightMSR, the latter employs a faster randomized
generation strategy during encoding. While the single-block
repair bandwidth of LightMSR is only marginally higher than
that of HashTag, LightMSR’s randomized construction ensures
that its repair bandwidth remains stable across varying w
values, demonstrating both efficiency and robustness.

b) Memory Consumption: Figure [I0] presents the mem-
ory usage of other MSR and LightMSR to recover single-
block within a single stripe at k = 12. The Clay code
exhibits the highest memory consumption, primarily due to its
large w value and the extensive data-scheduling operations re-
quired during single-block recovery. Compared with HashTag,
LightMSR exhibits higher memory usage. This is because the
core of LightMSR’s algorithm relies on dynamically perform-
ing multiple parallel matrix operations, rather than following
a hard-coded path with a fixed computation order.

In addition, the memory consumption of LightMSR does
not fluctuate significantly as w varies. Although the matrix
dimensions involved in the decoding computation change, the
overall amount of data processed remains largely unchanged.

D. Extended Evaluation under 100G RDMA

To examine how LightMSR performs under a higher-speed
network environment, we replace the 10G TCP network in
Figure E| with a 100G RDMA network. Since, in all previous
experiments, changing the network environment only affects

Clay(w=256) %ﬂ

0 10 20 30 40 50 60 70
Memory Usage (MB)
HashTag(w=64)
LightMSR(w=8)
LightMSR(w=16)
LightMSR(w=64)

Code schemes

0 2 4 6 8 10
Memory Usage (MB)

Fig. 10: The memory required by MSR codes with k£ = 12.
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Fig. 11: Repair time of RS and LightMSR for a single-
node failure under different k& values over a 100G RDMA
network (NS indicates that ISA-L does not support code
implementations with k > 128).

the network latency while having negligible impact on other
parts, we select the representative experiment in Figure [] to
demonstrate the influence of network speed.

As shown in Figure [T} LightMSR still maintains a clear ad-
vantage in single-node repair, and the gap between LightMSR
and RS continues to widen as k increases. Although this
advantage becomes smaller compared with Figure [ due
to the faster network, LightMSR still achieves better repair
performance under a high-speed network.

As shown in Figure[T2] compared with Figure[5] we observe
that only the network latency exhibits a noticeable change for
both RS and LightMSR. Due to the deployment of multiple
logical nodes on a single physical node, together with the
overhead of managing multiple Memcached instances, the
network latency becomes lower than the I/O latency.

Although the repair network bandwidth is no longer a dom-
inant bottleneck under faster network conditions, LightMSR
still maintains a clear advantage in node repair performance,
as it continues to reduce network latency and provides more
efficient single-block repair computation.

E. Read and Write Performance

We use read-only and write-only YCSB workloads to eval-
uate the normal read and write throughput of each code. Since
all codes considered in this paper are systematic, their normal
read performance is identical. The measured throughput is
shown in Figure [T3] Specifically, & = 12 corresponds to
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the normal read throughput of other MSR and LightMSR
measured under the experimental setup described in [[V-CI}
with the block size fixed at 256KB. By contrast, k£ > 16 cor-
responds to the normal read throughput of RS and LightMSR
measured under the experimental setup in where the

block size varies from 32KB to 64KB.

As shown in Figure [I4 over a 10G TCP network, we
measure the write throughput of RS and LightMSR across
different k£ values. In the encoding preparation of both RS and
LightMSR, the process does not involve the complex Gaussian
elimination required in decoding preparation. For example, RS
only needs to construct the Cauchy or Vandermonde matrix,
while LightMSR only prepares a set of matrices derived from
the generator matrix for subsequent computations. As a result,
the encoding preparation latency of both RS and LightMSR is
almost negligible. Moreover, along the write path, the I/O and
network latencies of RS and LightMSR are similar, making
matrix multiplication (Computation) the primary source of
performance differences. Although LightMSR requires more
matrix multiplications than RS, each multiplication involves
relatively small matrices. Consequently, even as k increases,
the gap between LightMSR and RS remains small. Further-
more, because ISA-L provides more efficient matrix multi-
plication, the ISA-L implementation of LightMSR achieves
higher write throughput.

As shown in Figure[I5] we further compare the normal write
throughput of different MSR codes. Among all MSR codes,
LightMSR achieves the best write performance. Although its
throughput decreases slightly as w increases due to the larger
number of packet operations, its lightweight encoding process
and parallel matrix operation prevent the severe throughput
degradation typically observed in traditional MSR codes.
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Fig. 14: Write throughput of RS and LightMSR under different
k values over a 10G TCP network (NS indicates that ISA-L
does not support code implementations with k£ > 128).

M Clay(w=256) HashTag(w=64) [ LightMSR(w=8)
O LightMSR(w=16) [ LightMSR(w=64)

650

g s20

g 390 H H H
= 260 7

£ 132 k=12

Fig. 15: Write throughput of other MSR and LightMSR with
k =12 over a 10G TCP network.

V. DISCUSSION AND LIMITATIONS
A. Large-q Failures and Repair Bandwidth

LightMSR is a matrix-based MSR design for wide-stripe
settings. It introduces a refined feasible range of w, a
lightweight encoding process, and an efficient repair algorithm,
thereby reducing the design complexity of existing MSR
schemes while preserving the repair bandwidth advantage of
MSR for small-q failures.

However, this advantage degrades as ¢ increases. This is a
theoretical limitation of the current design. As more blocks
fail, more unknown packets and linear equations are involved,
while overlaps among packet groups reduce the amount of
independent information available for reconstruction.

As discussed in Section different loss patterns may
therefore lead to different repair bandwidth even for the same
value of g. When ¢ = 3 or ¢ = 4, the repair process approaches
near full sub-stripe recovery, so the repair bandwidth becomes
close to saturation and the decoding cost also increases due to
larger matrix operations.

Although large-q failures may occur in wide-stripe systems,
their probability decreases as ¢ increases. Moreover, in our
prototype, logical blocks are uniformly and randomly placed
across storage nodes. Therefore, the repair bandwidth variation
caused by different group overlap patterns is averaged across
many stripes during node repair, and its impact on total repair
time is limited in practice for the same value of ¢. A future
direction is to combine the group overlap properties of A with



placement strategies to further reduce the repair bandwidth for
large-g failures.

B. Evaluation Scope

Our evaluation focuses on stable network environments
where no additional foreground workload or external traffic
is injected during repair. This setting is chosen to obtain
controlled measurements of the algorithm itself. In real de-
ployments, repair may coexist with foreground read/write
traffic, bandwidth contention, packet loss, or straggler nodes,
which are typically addressed by dedicated algorithms [?2],
[49]. In addition, following prior wide-stripe studies [45]], our
prototype deploys multiple logical nodes on each physical
node. Therefore, this paper focuses on evaluating the benefit
of the proposed algorithm under a stable logical-node-based
system setting. Our prototype is intended to validate the
coding algorithm itself rather than to model all production-
level deployment factors. All schemes are evaluated on the
same platform to ensure a fair comparison. In addition, since
LightMSR uses a smaller value of w, its sensitivity to network
fluctuations and related factors lies between that of RS and
conventional MSR codes.

C. Specialization to m = 4

LightMSR in this paper is specialized to the practical wide-
stripe setting with m = 4, which is commonly used in wide-
stripe erasure-coded systems. This specialization keeps the
encoding and repair procedures lightweight and avoids the
additional complexity introduced by supporting arbitrary m.
The matrix-based formulation and group-based construction
are not inherently limited to m = 4, and can in principle be
extended to other fixed m values for specialized deployments.
Such extensions mainly require rebuilding the concrete algo-
rithmic structure rather than changing the underlying matrix-
based methodology. We leave this engineering extension as
future work.

VI. RELATED WORK

Erasure coding is no longer limited to traditional disk-based
storage systems, and has increasingly been introduced into
in-memory systems to reduce redundancy. Recently, wide-
stripe erasure coding [10], [14], [21], [28], [45]], [46] has also
been adopted in in-memory systems to further lower storage
overhead [4]], [22], [48]]. However, this makes the problem of
high repair bandwidth more severe. Taking the RS code as an
example, the repair process requires reading % blocks. In wide-
stripe settings, in order to minimize redundancy as much as
possible under the same fault tolerance requirement, m is set
to 4 while k becomes very large, which significantly degrades
the repair performance.

Currently, there is limited research addressing the issue of
excessive repair bandwidth in wide-stripe settings, as many
existing optimization techniques become difficult to apply
under such conditions [32]]. Early RAIT [13]] shares the high-
level idea of stripe-based parity protection, but it targets tape

archival reliability and transparent virtualization. Methodologi-
cally, RAIT constructs fixed vertical and diagonal parity stripes
over tape data stripes and reconstructs erased stripes along
these predefined parity lines. It does not address the repair
bandwidth bottleneck caused by large k£ in wide-stripe in-
memory storage, where efficient packet-level repair and low
computation latency are critical.

Although existing systematic MSR schemes [16], [25]], [27]],
[36], [38] preserve the same normal read performance as RS
and can theoretically reduce repair bandwidth, they are diffi-
cult to apply in practice due to their high design complexity
and the lack of complete and efficient repair algorithms in
wide-stripe settings.

At present, only two approaches (LRC [14] and MBR
[22]) attempt to optimize repair bandwidth in wide-stripe
settings. However, both methods achieve bandwidth reduction
at the cost of increased redundancy, aiming to strike a trade-
off between repair bandwidth and storage overhead. This
trade-off, however, contradicts the fundamental goal of wide-
stripe, which is to minimize redundancy as much as possible.
Therefore, it is meaningful to design an MSR scheme that can
be practically deployed in wide-stripe in-memory systems.

VII. CONCLUSION

In this paper, we present LightMSR, a lightweight MSR
code tailored for wide-stripe settings. It reduces the design
complexity of MSR codes while preserving the repair band-
width advantage of MSR in wide-stripe systems. We imple-
ment LightMSR with ISA-L and Jerasure in a Memcached-
based in-memory system. Experimental results show that
LightMSR substantially reduces repair bandwidth and achieves
low repair latency compared with wide-stripe RS, while also
maintaining low computation overhead. In addition, compared
with existing MSR implementations, LightMSR provides sig-
nificantly lower design complexity and better practical effi-
ciency. Its write performance also remains competitive due to
the lightweight encoding process and efficient matrix opera-
tions. Overall, LightMSR demonstrates that MSR codes can
be made practical for wide-stripe in-memory systems through
a lightweight matrix-based construction.
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