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Abstract

File synchronization (sync) based on Content-Defined
Chunking (CDC) is gaining increasing importance for data
migration over networks owing to its effectiveness in detect-
ing and eliminating duplicate data within synchronized files.
CDC-based sync schemes typically comprise three phases:
file chunking, chunk matching, and delta reconstruction. Un-
fortunately, existing sync schemes fail to exploit parallelism
inherent in these phases due to two dependencies: a sequential
bottleneck in chunking, where checksums are computed only
after boundaries are finalized, and rigid client-server stalls
that serialize matching and reconstruction.

This paper presents ParaSync, a novel CDC-based file
sync scheme that breaks these dependencies to exploit fine-
grained parallelism. First, ParaSync’s multi-threaded chunk-
ing algorithm reduces checksum computation to a lightweight
combination step, decoupling it from boundary identification
while preserving invariability. Second, ParaSync designs a
streaming chunk matching method that removes the all-or-
nothing exchange dependency on both the client and the server
sides. Finally, ParaSync introduces an efficient absolute-offset-
based pipelined delta reconstruction process that maximizes
the overlap between network and disk I/O operations. We have
done extensive experiments over both WANs and LANs using
diverse real-world datasets. The results show that compared to
the state-of-the-art file sync schemes, ParaSync achieves up to
7.6 speedup for file chunking and significantly improves the
overall sync performance by up to 3.7 x, while maintaining a
consistent level of network traffic.

1 Introduction

File synchronization (sync) over Wide Area Networks
(WANSs) and Local Area Networks (LANs) has been widely
employed for updating and sharing files across multiple
nodes and geographically dispersed locations in cloud stor-
age services [7, 10, 18, 21, 54], distributed storage systems
[40,41,45,55], and backup tools [3, 19,38]. Content-Defined
Chunking (CDC) [21,32,63] is a widely adopted chunking

algorithm for optimizing file sync. It can detect and eliminate
redundant data between synchronized files, thus significantly
reducing the volume of data transmitted over the network.

Existing CDC-based sync schemes [21, 32, 63] typically
involve three phases: (1) File Chunking: both the client (hold-
ing the new file) and the server (holding the old file) apply the
CDC algorithm to divide the file into variable-length chunks
and calculate a weak checksum (e.g., 32-bit) for each chunk.
(2) Chunk Matching: the server compares the weak check-
sums received from the client with those of the old file to
identify the matched chunks that have the same weak check-
sums, and calculates a strong checksum (e.g., 256-bit) for
each of them. The strong checksums are then returned to the
client, which performs its own strong checksum verification
to confirm the matches. (3) Delta Reconstruction: based on
the verification, the client generates delta data, which is sent
to the server to reconstruct the new file from the old one.

Although CDC-based file sync minimizes data transfer, its
performance is often limited by computationally intensive
processing. As noted in prior studies [32,63] and observed
in our experiments, the file chunking phase is the most com-
putationally expensive part of CDC-based sync. This process
dynamically determines chunk boundaries based on file con-
tent by using rolling hash [20], which scans almost every
byte in the input file using a fixed-sized rolling window and
calculates a hash value for each window. Once the chunk
boundaries are determined, weak checksums are calculated
for the resulting variable-sized chunks. The CPU-intensive na-
ture of chunking presents a significant performance bottleneck
for file sync. The problem becomes increasingly pronounced
as the volume and size of files continuously increase in dis-
tributed, data-intensive computing environments [8,67]. The
common practice of bundling numerous small files into large
metadata-free packed files [39,43, 66, 72] further exacerbates
this issue, as these composite files must be processed as single,
monolithic units.

To alleviate this problem, several parallel chunking tech-
niques [43,56,60,61] have been proposed by segmenting files
to leverage multiple cores. However, existing techniques are
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inadequate for CDC-based file sync. Some approaches [56]
fail to guarantee chunk invariability, which is crucial for en-
suring the correctness of the CDC-based sync process. Oth-
ers [43] preserve invariability but at the cost of creating a
new sequential bottleneck: while potential chunk boundaries
are identified in parallel, the final checksum computation is
deferred to a single thread. This is a direct consequence of
the dependency that checksums can only be calculated af-
ter chunk boundaries have been serially finalized. Moreover,
while such methods leverage vector instructions like AVX-
512 to find boundary candidates, the rolling hash algorithm’s
inherently irregular data access patterns lead to poor cache
utilization and limited hardware prefetching, limiting the po-
tential performance benefits of vectorization [12,51].

In addition to file chunking, the subsequent chunk match-
ing and delta reconstruction phases suffer from a rigid, bidi-
rectional client-server dependency that stalls the sync par-
allelism [30, 50, 65]. First, the matching process operates
as an all-or-nothing exchange: the client must wait idly for
the server to return all weak-checksum-matching results be-
fore it can even begin its own strong checksum verification.
Following this, the delta reconstruction stage suffers from a
sequential data dependency. Because patch commands rely
on relative offsets (e.g., copy data after the previous block),
the location of one operation depends on the completion of
the last, mandating a linear application process. Collectively,
these dependencies prevent effective parallelization, forcing
the latencies of endpoint computation, network transfer, and
disk I/O to stack sequentially rather than overlap.

To accelerate computation and achieve efficient file sync,
we propose ParaSync, a novel CDC-based file sync scheme
that exploits fine-grained parallelism within individual sync
phases and pipelines them to minimize the overall sync time.
In summary, this paper makes the following contributions:

* We profile each phase of the CDC-based file sync, iden-
tifying file chunking as the dominant computational bot-
tleneck, and analyze the limitations of existing parallel
CDC methods. Based on this analysis, we propose a multi-
threaded algorithm that effectively reduces the checksum
computation problem to a checksum combination problem.
This approach generates checksums for intermediate sub-
chunks in parallel and then combines them in a lightweight
merge stage, thereby accelerating chunking while preserv-
ing chunk invariability.

* We design a parallel chunk matching mechanism and an ef-
ficient pipelined delta reconstruction process that co-design
the client and server interactions. Specifically, we introduce
a streaming matching protocol to remove sync stalls and
employ absolute-offset patch commands to decouple delta
generation from application, enabling maximal overlap of
computation, network transfer, and disk I/O.

* We implement a prototype for ParaSync and conduct a
comprehensive performance evaluation. The results demon-
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Figure 1: Overview of CDC-based dsync workflow.

strate that, compared to state-of-the-art CDC-based file
sync schemes, ParaSync achieves up to a 7.6x speedup
for file chunking and significantly improves end-to-end
file sync performance by up to 3.7, while maintaining a
consistent level of network traffic.

2 Background and Motivation

2.1 Delta Sync

In this subsection, we first describe the workflow of dsync,
the state-of-the-art and most representative CDC-based delta
sync methods [2,9,21], as shown in Fig. 1.

¢ Phase I: File Chunking. The client initially splits the new
file f” into variable-sized chunks based on CDC and calcu-
lates weak checksums for each chunk (client-side chunk-
ing). It then transmits a list of these weak checksums to
the server. Upon receiving the checksum list, the server
applies the same CDC algorithm to the old file f, gener-
ating its own set of chunks and their corresponding weak
checksums (server-side chunking).

Phase II: Chunk Matching. The server identifies the
weak-checksum-matched chunks and calculates their
strong checksums (server-side weak checksum matching).
Then, the server sends the strong checksums and metadata
of matched chunks (i.e., matching tokens) back to the client.
The client then computes strong checksums for its corre-
sponding chunks and compares them against those received
from the server (client-side strong checksum matching). A
match in both weak and strong checksums confirms that
the chunks are identical (referred to as matched chunks).

* Phase III: Delta Reconstruction. The client generates the
patch commands and literal bytes (delta data), and sends
them to the server. The server applies the delta data to the
old file to generate a new file (server-side patching).

We conduct a detailed analysis of the dsync process in the
following sections. We use the gigabyte-scale datasets de-
scribed in Section 4.1, where each dataset is converted into
the “mtar” (a metadata-free format) file format to serve as
input for the sync process. For brevity and clarity, as illus-
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Figure 2: Rolling process of chunking. P; denotes the chunk
boundaries. The red dotted box indicates the rolling window.

trated in Fig. |, we use the following simplified terms for
each phase: chunker for file chunking, wmatcher for weak
checksum matching, smatcher for strong checksum matching,
dtransmitter for delta transmission, and patcher for patching.
Fig. 3 shows the execution time for each phase of the sync
process at both the client and server.

2.2 File Chunking as The Dominant Cost

The chunker scans the input file byte by byte using a fixed-
sized rolling window, as illustrated in Fig. 2, and computes
a rolling hash for each window to identify chunk boundaries.
A chunk boundary is determined when the following two
conditions are satisfied: hash(C,,) mod n = r, where C,, is
the rolling window, n is the average chunk size, and r is a
static value (typically “0”); and Syin < Schunk < Smax, Where
Synin and Sy, are the minimum and maximum chunk sizes,
respectively. Once the chunk boundaries are determined, the
chunker calculates the weak checksums for each chunk.

We employ CRC32C as the rolling hash and weak check-
sum algorithm. We also leverage Intel SSE’s CRC hardware
instructions [14, 15] to accelerate the CRC32C calculations.
We set the minimum/expected average/maximum chunk sizes
to 4KB/8KB/12KB, which is the same as the default chunk
sizes in the Dell-EMC Data Domain system [6,42]. After
identifying a chunk boundary, we skip the minimum chunk
size and continue searching for the next boundary. This avoids
generating small chunks in CDC-based chunking [42, 62, 64].
As shown in Fig. 3, the chunker dominates the computational
overhead in the sync process and accounts for 49.5%-75.1%
(16.95—178.2s) of the total sync time on both client and server.
This computational cost scales linearly with the input file size,
making it particularly detrimental for large datasets. To put
this cost into perspective, we analyze the network overhead
for transmitting the resulting checksum list for both WAN
(500Mbps) and LAN (10Gbps) environments. This transmis-
sion takes at most 0.65s in WAN and 0.03s in LAN-a time
that is negligible compared to the chunking computation. This
contrast underscores that the sync critical path is dominated
by endpoint computation in the file chunking phase.

2.3 Limitation of Existing Parallel Chunking

A straightforward approach to speed up chunking is to employ
multiple threads to process the file in parallel [43, 56, 60,61].
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Figure 3: Breakdown sync time for fine-grained tasks.

However, this can violate chunk invariability, the fundamental
property guaranteeing consistent chunk boundaries for the
same file. Because chunk boundaries are determined by the
content that precedes them, arbitrarily partitioning a file for
parallel processing breaks this dependency. As illustrated in
Fig. 4, when a thread begins processing an arbitrary segment
(Segment S), it lacks the content-dependent context from the
end of the previous segment. This causes boundary locations
to shift (P} / P;_ versus the original P4_¢), generating di-
vergent chunks and checksums compared to a sequential scan.
This discrepancy reduces matching efficiency and inflates net-
work traffic by increasing the volume of literal data that must
be transmitted.

To address this, parallel CDC methods like SS-CDC [43]
enforce chunk invariability by splitting the process into two
stages. In the first parallel stage, multiple threads scan the file
for potential chunk boundaries (i.e., hash matches) and record
them in a bit array. In the second, sequential stage, a single
thread validates these candidates against size constraints to
determine the final chunk boundaries. However, this intro-
duces a critical sequential bottleneck: while boundary search
is parallelized, the actual checksum computation is deferred to
the single-threaded second stage. This is a direct consequence
of the dependency that checksums can only be calculated
after chunk boundaries have been serially finalized. They par-
allelize the search for cutoff points but do not compute the
checksums of the actual data chunks during the parallel phase,
forcing a sequential checksum calculation later.

Moreover, while such methods leverage vector instructions
like AVX-512 to find boundary candidates, they face sev-
eral limitations. First, SS-CDC relies on AVX scatter/gather
instructions to load non-contiguous bytes into vector regis-
ters. These operations are costly and significantly constrain
performance gains [36,43,51]. Second, the intermediate bit
array scales linearly with input size, demanding excessive
memory and complicating single-threaded processing. Most
critically, SS-CDC’s design is tailored for data deduplication
and is incompatible with checksums like CRC32C that pos-
sess algebraic properties (e.g., CRC32C [28,33]). Because it
cannot combine pre-computed values, SS-CDC is forced to
serially re-calculate the checksum for each final chunk. As a
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Figure 4: Tllustration of a segment-based parallel chunking
method that fails to produce identical chunk boundaries for
the same file under multi-threaded execution.

result, SS-CDC fails to achieve linear scalability. Our findings
(Fig. 17), consistent with prior work [51], show only moderate
speedups on an 8-core server. This leaves a fundamental chal-
lenge unaddressed: How to compute checksums in parallel
for chunks whose final boundaries are not yet known?

2.4 The Next Bottlenecks after Chunking

While accelerating the file chunking phase is a crucial first
step, our analysis reveals it is insufficient on its own for achiev-
ing efficient file sync. Optimizing a single component merely
shifts the performance bottleneck to subsequent phases of the
sync. To demonstrate this, we conduct an ablation study using
an “ideal chunker” and an “ideal matcher”. The ideal chunker
instantaneously provides pre-computed chunk boundaries and
weak checksums, while the ideal matcher instantly returns
pre-computed matching results. By keeping the experimental
setup consistent with Fig. 3 but removing the computational
cost of these phases, we can effectively isolate and measure
the performance bottlenecks of the remaining sync phases.
Fig. 5 shows the results. With the chunking bottleneck
removed and negligible network time for checksum list trans-
mission (With Ideal Chunker), chunk matching (Phase II) and
delta reconstruction (Phase III) emerge as the new dominant
bottlenecks. Together, they account for the vast majority of
the total sync time, which encompasses computation at both
endpoints and the network transfer of metadata and data (i.e.,
literal bytes). This finding underscores the need for a holis-
tic approach that optimizes the entire sync process. We now
proceed to analyze these two subsequent bottlenecks in detail.

Chunk Matching. In this phase, the server-side wmatcher
identifies candidate matches by building a hash table of weak
checksums from the chunks of the new file. For each candi-
date, it then computes the corresponding strong checksum.
The client-side smatcher, upon receiving these strong check-
sums, constructs its own strong hash table and compares the
strong checksums of the new file’s chunks against those re-
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Figure 5: Breakdown sync time in an ablation study. We
compare the Baseline (dsync) against configurations with an
ideal (zero-cost) chunker and with ideal chunker and matcher.

ceived to confirm matches. We employ a memory-efficient
cuckoo hash table [1,44] to construct the index and utilize
BLAKES3 [11,24] as the strong checksum. As shown in Fig. 5,
with the chunking bottleneck removed, the combined execu-
tion time of wmatcher and smatcher accounts for 0.9%-23.1%
(1.25—64.65) of the total sync time in WAN, and 3.7%-53.4%
in LAN. The lower end of this range corresponds to datasets
with low data similarity (e.g., Ubuntu), which result in fewer
matches and thus less computational work.

This overhead stems from two sources: the high com-
putational cost of strong checksums and, more critically, a
rigid client-server dependency we term the All-or-Nothing
Checksum Exchange. The client must wait idly for the server
to finish processing the entire file before it can begin its own
strong checksum verification. This serialization forces the
client to remain idle while waiting for the full response and
leaves the network underutilized as the server computes. This
dependency, exacerbated by network latency, creates a signifi-
cant pipeline stall and presents a fundamental challenge: How
to break this rigid sync to enable overlapping computation
and communication between the client and server during
chunk matching?

Delta Reconstruction. Once the client-side smatcher con-
firms a set of matched chunks, the dtransmitter produces patch
commands and literal bytes to the server. The patch com-
mands include two types: (i) copy commands, which instruct
the server to copy data from the old file version for chunks
that matched, and (ii) literal commands, which are accompa-
nied by the raw byte data for new, unmatched chunks. The
server’s patcher then consumes this stream of commands to
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Table 1: Comparison of parallelism. ¢: Efficiently Supported;
©: Inefficiently Supported; X: Not Supported. —: Not Appli-
cable.

Intra- Intra- Intra- Inter-

Phase 1 Phase IT Phase IIT Phase
rsync — — — v
dsync X X X —
pdsync () (D) (D) —
ParaSync v 4 v —

reconstruct the new file. This entire phase involves significant
disk I/O for file reads/writes and network I/O for transmit-
ting the delta. In the evaluation, we use a C++ lightweight
coroutine library [4, 5] for efficient I/O handling. As shown in
Fig. 5, with the chunking bottleneck removed, the combined
execution of the dtransmitter and patcher accounts for 13.9%—
44.7% of the total sync time in WAN and 39.2%-73.5% in
LAN. The network transfer of literal bytes further consumes
49.2%-85.4% of the sync time in WAN.

The fundamental bottleneck in this phase is the Sequential
Dependency in Delta Reconstruction. Prior works typically
use relative offsets for patch commands (e.g., insert data after
the previous chunk), where the target location of one oper-
ation depends entirely on the completion of the preceding
one. Consequently, the application of patch N depends on
the completion of patch N — 1, preventing the server from
applying patches in parallel or out-of-order. This forces the
latencies of endpoint computation, network transfer, and disk
I/O to stack sequentially rather than overlap, presenting a fi-
nal challenge: How to decouple the application of patch
commands to enable parallel reconstruction and overlap
network transfer with disk I/0?

2.5 Parallelism Gap in Existing Sync Methods

After identifying the bottlenecks in the sync process, we ana-
lyze the parallelism characteristics of existing sync methods to
pinpoint the gaps that ParaSync aims to fill. As summarized in
Table 1, we categorize parallelism into three intra-phase types
and one inter-phase type: (i) Intra-phase parallelism within file
chunking (Intra-Phase I), (ii) Intra-phase parallelism within
chunk matching (Intra-Phase II), (iii) Intra-phase parallelism
within delta reconstruction (Intra-Phase III) and (iv) Inter-
phase parallelism (pipelining) across different phases.

The Limits of CDC-based Parallelism. The original dsync
[32,63] is entirely sequential, offering no parallelism within
or between phases. To establish a stronger baseline, we design
and implement pdsync, which parallelizes dsync using state-
of-the-art techniques. However, its parallelism is fundamen-
tally constrained by unresolved data dependencies. Its chunk-
ing phase relies on SS-CDC [43], which, as noted in Section
2.3, simply pushes the checksum bottleneck to a serialized
second stage. More critically, while pdsync can parallelize the
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Figure 6: The pipelined model of rsync.

internal computation of matching, it cannot break the All-or-
Nothing Checksum Exchange barrier; the client still stalls un-
til the server completes its work. Similarly, its reconstruction
phase remains bound by relative offsets, forcing sequential ap-
plication of patches. Thus, even with multi-threading, pdsync
suffers from significant pipeline stalls where resources at one
endpoint sit idle while waiting for the other.

The rsync Pipeline and its Incompatibility. Traditional delta
sync methods like rsync [50, 65] (famously used by Dropbox
[7]) employ FSC. While generally less efficient than CDC-
based methods due to the boundary-shift issue [32, 58, 63],
rsync introduces a different pipelined model to mitigate net-
work latency. The rsync workflow differs fundamentally from
dsync, as illustrated in Fig. 6. The server (holding the old
file) first divides its file into fixed-sized chunks and sends
their weak and strong checksums to the client. The client
(holding the new file) then uses a rolling hash to find potential
matches against the received weak checksums and verifies
them with strong checksums. This workflow enables an effec-
tive three-stage pipeline, where the client’s matching, delta
generation, and network transfer can be overlapped with the
server’s reconstruction.

The pipelined model of rsync is incompatible with CDC-
based sync workflow, which typically involves three sync
barriers, both intra- and inter-phase: (i) the server’s wmatcher
waiting for the client’s weak checksums (after client chunking
and network transfer), (ii) the client’s smatcher waiting for
the server’s strong checksums (after server wmatcher and
network transfer), and (iii) the client’s dtransmitter waiting
for smatcher completion (to organize metadata for all matched
chunks before generating commands). These barriers create a
client-server-client dependency that disrupts the continuous,
unidirectional data flow required for rsync’s pipelining. This
exposes an unresolved trade-off in existing sync systems: one
must choose between rsync’s efficient pipelining at the cost
of higher computation, or dsync’s reduced computation at the
cost of a stall-prone workflow.

Our work is motivated by the conviction that achieving
high-performance CDC-based sync requires a holistic ap-
proach that co-designs internal parallelism across all phases.
Therefore, ParaSync is architected to close these parallelism
gaps by breaking the fundamental dependencies we have iden-
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Figure 7: The overall architecture and workflow of ParaSync.
“Barrier” is the thread barrier used to synchronize threads.

tified. It achieves this by introducing: (i) a scalable parallel
chunking algorithm that decouples boundary identification
from checksum computation, (ii) a streaming matching proto-
col that eliminates the stall-inducing all-or-nothing exchange,
and (iii) a deeply pipelined reconstruction process using abso-
lute offsets to enable parallel patch application. By tackling
these challenges in concert, ParaSync modernizes file sync to
fully harness the power of contemporary hardware, delivering
significant performance improvements.

3 Design of ParaSync

Fig. 7 shows the overall architecture and workflow of
ParaSync. When initiating the sync for a file, the client first
sends a sync request to the server to perform the file chunk-
ing process at the client and server. The process begins with
the parallel first stage of the chunker, followed by the single-
threaded second stage on both the client and server sides.
After receiving the checksum list of the new file and com-
pleting the chunking process, the server proceeds with the
parallel chunk matching process, which is parallelized with
the client’s smatcher. Subsequently, the smatcher generates
copy patch commands in parallel. The dtransmitter processes
these commands, generates and transfers literal bytes. Con-
currently, the server receives these bytes and applies them
to a new file. We describe the designs for parallel chunking,
parallel chunk matching, and delta reconstruction in Sections
3.1, 3.2, and 3.3, respectively.

3.1 Parallel Chunking

The core challenge in parallelizing CDC is the dependency
between chunk boundary identification and checksum compu-
tation. Previous methods parallelize the search for boundaries
but defer checksum calculation to a sequential second stage,
creating a new bottleneck. ParaSync addresses this by reduc-
ing the checksum computation problem to a checksum com-
bination problem. It uses a two-stage design (Fig. 8) where

Segment 1 Segment 2 Segment 3 Segment 4
X X X
f
Stage 1
T;
) - A
T3 | hash(C,) modn +r?"" i |
T, : . | 3
FIFO | TT.J ] [T.I11] LTl [TT.]1
Queue . . .
| Offset | : | Offset | : Offset | : | Offset |
[cre3ac] -t [CRC32C] CRC32C| -1 - [CRC32C]
Record all sub-chunks in thread-local FIFO Queues
and calculate the CRC32C checksums for them
Stage 2
[LI] - Ol 11 - CELeled - CELe g -
SC; SC, SCg - SCp; SCis =+ SCyg -+
Py Py P3Py Ps Ps Py
CRC32C(Cy) CRC32C(SC";) + CRC32C(SC»)
Merge sub-chunks based on the predefined range and generate chunk
checksums by combining the sub-chunk checksums

Figure 8: Parallel chunking of ParaSync. In Stage 1, multiple
threads chunk the file in parallel and calculate weak check-
sums for each sub-chunk (denoted as “SC”). In Stage 2, a
single thread merges the sub-chunks and combines the weak
checksums of the sub-chunks.

sub-chunk checksums are computed in parallel and then com-
bined in a lightweight sequential merge. In the first stage, the
input data is first partitioned into equal-size segments (S1_4),
each of which is assigned to a separate thread for processing.
Each thread then slides a fixed-sized window (C,,) across its
segment, computing a hash for the window’s contents at each
position.

When a hash value satisfies the condition hash(C,)
mod n = r (see Section 2.2), the thread identifies a poten-
tial chunk boundary. This boundary defines the end of a sub-
chunk, which is a portion of a segment between two such
boundaries. The thread then pushes the metadata of the sub-
chunk into a thread-local FIFO queue. Each queue entry con-
tains the sub-chunk offset (8-byte) and CRC32C checksum
(4-byte). For instance, in Fig. 8, the thread processing segment
S1 generates sub-chunks SC; and SC,, upon encountering po-
tential chunk boundaries. Given an expected average chunk
size of 8KB, the queue remains small even for large files. For
example, the queue size for a 256 GB file would be approxi-
mately 384 MB (2°8 /213 x 12-byte). The memory overhead
of the queue can be further optimized by dynamically allo-
cating memory on demand [16,22]. Specifically, the thread
allocates a small, fixed-size array, records sub-chunk metadata
using array indices, and pushes the full array into the queue
before allocating a new one.

In the second stage, a single thread merges adjacent sub-
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chunks to form the final chunks. This process guarantees
chunk invariability because the merge logic is determinis-
tic: the thread scans the sub-chunk metadata from a canon-
ical, ordered stream produced by concatenating the thread-
local queues and applies consistent size-based rules (Spin <
Schunk < Smax) to finalize boundaries. Notably, the merge op-
eration does not necessitate recalculating the hash value for
the resulting chunk, as the CRC32C checksum of the merged
chunk can be derived by combining the CRC32C checksums
of its constituent sub-chunks. For instance, as illustrated in
Fig. 8, ParaSync merges sub-chunks SC; and SC, into chunk
C}, as the cumulative size from the start of SC; to the end
of SC; is within the range. The CRC32C checksums of C;
can be computed by XORing the CRC32C checksums of its
constituent sub-chunks as follows:

CRC32C(C)) = CRC32C(SC;) & CRC32C(SC,) (1)

SC1 is constructed by appending n zero bytes to SC, where n
is the size of SC,.

This approach leverages the linearity property of CRC32C
checksums [14,35], enabling the final checksum of a merged
chunk to be efficiently derived from its constituent sub-chunks
without rereading data. During the first stage, worker threads
independently compute weak checksums for each sub-chunk,
accelerated by lightweight SSE instructions [13]. A thread
barrier synchronizes the completion of this parallel work be-
fore initiating the second stage. Here, a single thread final-
izes chunks by combining their pre-computed checksums and
recording the metadata as a 16-byte tuple: <offset, length (4-
byte), crc32c>. The merge operation is lightweight because
it processes only small, in-memory metadata rather than the
file data itself. Consequently, it avoids becoming a sequential
bottleneck, in stark contrast to approaches that necessitate a
full, data-dependent recalculation.

3.2 Parallel and Streaming Chunk Matching

In traditional CDC-based sync, the chunk matching phase
is crippled by a rigid client-server dependency (the All-or-
Nothing Checksum Exchange). ParaSync breaks this depen-
dency with a streaming chunk matching protocol that enables
overlapping computation and communication. To reduce net-
work traffic, the client sends only one CRC32C checksum
for chunks that share the same CRC32C checksum in the
new file. Consequently, the client must first construct a weak
hash table (Fig. 9) for the new file to store the metadata of
its chunks. Each entry in the hash table contains an array of
metadata associated with the chunks, enabling and facilitating
the parallel chunk matching process.

A naive parallel approach on the server, where worker
threads are assigned distinct weak checksums, is ineffective
due to severe load imbalance. As shown in Fig. 10, the distri-
bution of chunks per weak checksum is highly skewed, which

Weak
tash Table L_1CRC] [ .. ] Jcre] .. Jere]  [erc]cre] ... Jcre|cre]
Chunk Chunk
Chunk Chunk _ TOffset

Figure 9: The hash table used for weak checksum lookup
during parallel chunk matching.
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Figure 10: The cumulative distribution of weak-checksum-
matched chunks sharing the same CRC32C checksum.

would lead to long-tail latency. For example, our datasets
show that while 80%—-90% of CRC32C checksums are as-
sociated with fewer than 10 chunks, 3%—5% are linked to
more than 100, and 0.1%-0.5% map to over 1,000. In one ob-
served case, a single checksum is shared by 120,000 chunks,
demonstrating the flaw in this static assignment strategy.

ParaSync addresses this with a dynamic workload distribu-
tion mechanism that enables streaming. Instead of assigning
checksums to threads, ParaSync treats the list of chunks as-
sociated with a highly-colliding weak checksum as a work
queue. The key idea is to divide chunks that share the same
CRC32C checksum into multiple segments and assign each
segment to a separate thread for processing. As shown in Fig.
11, for example, the wmatcher divides the 8 chunks from 3
different CRC32C checksums into 4 segments, which are then
assigned to 4 threads (77_4). The threads record the matching
tokens in a pre-allocated array, whose size corresponds to
the number of chunks sharing the same CRC32C checksum.
Once a thread finishes computing strong checksums for its
assigned segment, the resulting matching tokens are imme-
diately dispatched to the client in a small batch, rather than
being buffered until the entire file is processed.

On the client side, the smatcher operates in a pipelined
fashion. Upon receiving a batch of matching tokens, it im-
mediately builds a small strong hash sub-table for just those
tokens and begins verification in parallel. This transforms
the rigid, bulk exchange into a continuous stream, allowing
the client’s smatcher to overlap its work with the server’s
wmatcher and the network transfer. Moreover, for chunks shar-
ing the same CRC32C checksum in the new file, the smatcher
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Figure 11: The parallel chunk matching process of ParaSync.

also divides them into multiple segments and assigns each
segment to a separate thread, similar to the wmatcher’s ap-
proach. These threads calculate the BLAKE3 checksum and
search for matches in the strong hash sub-table of the old
file. To optimize resource usage, memory for hash sub-tables
is reused for subsequent batches. For the identified strong-
checksum-matched chunks, the thread records the metadata
of these chunks in a global queue, which is subsequently
processed by the dtransmitter.

3.3 Delta Reconstruction

After identifying matched chunks, the dtransmitter scans the
offset and length of these matched chunks, and generates
patch commands and literal bytes. The application of each
patch depends on the successful completion of the one before
it, forcing the server to process commands in a sequential
order. This dependency prevents the parallel application of
patches and inhibits the effective overlap of network transfer,
disk I/O, and computation.

Fig. 12 illustrates the conventional delta generation process,
typical of schemes like rsync [7,49, 50] and dsync [32, 63].
The process relies on a single thread to sequentially scan
the list of matched chunks, identifying gaps in data coverage
and issuing commands relative to the previous operation. As
the dtransmitter processes the matched chunks (e.g., match-
ing chunks MC through MCjy), it determines the necessary
operations based on the continuity of offsets:

* Processing MC|: The scanner identifies MC; as a match.
However, it cannot immediately issue a command because
it needs to check for any gaps before or after this chunk.

* Processing MC,: Upon examining MC,, the dtransmitter
detects that MC,’s start offset does not align with MC;’s
end offset. This discrepancy indicates an intervening se-
quence of literal bytes (new data). Consequently, the system

MC,; MC, MC;3 MCy
Offset: 0 Offset: 16827| |Offset: 41381 [Offset: 49573
Length: 8276 |Length: 8131| |Length: 8192| |Length: 8382

rites [ Mcy | [ TMC; | TMC; | MGy

File / | MC; MCz SiVICS : 3 MGy |

Offset: 0 Offset: 8276 | |Offset: 24517| |Offset: 40905
Length: 8276 |Length: 8131| |Length: 8192| |Length: 8382

Scan the matched chunks' metadata sequentially

Generate the patch commands sequentially

PAC, PAC, PAC; PACy PACs PACq
SeqlD: 0 SeqlD: 1 SeqlD: 2 SeqlD: 3 SeqlD: 4 SeqlD: 5
Command: 0| Command: 1|Command: 0| Command: 1 |Command: 0| Command: 0

Offset: 0 |Literal Bytes | Offset: 8276 | Literal Bytes |Offset: 24517|Offset: 40905

Length: 8276 Length: 8131 Length: 8192|Length: 8382
File /' File
Offset: 8276 Offset: 24958
Length: 8551 Length:16423

Figure 12: The sequential delta data generation process.
“MC”: Matched Chunks. “PAC”: PAtch Commands.

first generates a copy command for MC; (PAC}), followed
immediately by an insert command (PAC>) containing the
literal bytes located between MC; and MC,.

* Processing MCs: Similarly, a gap is found between MC;
and MCs. The system generates a copy command for MC;
(PAC3) and an insert command for the literal bytes (PACy).

* Processing MCjy: The scanner finds that MC; immediately
follows MC5 in the new file. However, because their corre-
sponding locations in the old file are non-adjacent, distinct
copy commands (PACs and PACg) must be generated to
assemble them in the correct order.

As shown in Figure 13, while this approach allows for par-
tial pipelining, where literal bytes can be transferred while the
next command is being computed, a fundamental stall remains
at the server. The application of any given command (e.g.,
inserting the literal bytes of PAC,) is strictly blocked until the
preceding command (e.g., copying MCy) has fully completed.
This serialization is unavoidable because the target offset for
each operation is relative, implicitly determined only after
the previous operation finishes writing. Consequently, the
server cannot parallelize patch application or process inde-
pendent file regions out-of-order, leaving disjointed CPU and
I/O resources idle.

3.3.1 Pipelined Delta Reconstruction in ParaSync.

To break this sequential dependency, ParaSync introduces
a pipelined delta reconstruction process centered on a key
insight: using absolute offsets in all patch commands. This
decouples the generation of the delta from its application.
The process begins with an improved parallel smatcher (Fig.
14), which directly generates copy commands as it identifies
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Figure 13: Partial pipelining. “CD”: commands. “LB”: literal
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Figure 14: Improved parallel smatcher in ParaSync, directly
generating copy patch commands for matched chunks.

matched chunks. Crucially, each command is self-contained.
A copy command specifies not only the source offset and
length in the old file but also the absolute target offset in the
new file (offset’). Similarly, an insert command contains the
literal data’s length and its absolute target offset. This new
format is nearly identical to the metadata of matched chunks,
allowing ParaSync to avoid allocating additional memory for
copy commands. By embedding the absolute target offset
directly within each command, ParaSync eliminates the se-
quential dependency. The server no longer needs to wait for
patch N — 1 to finish to know where to place the data for patch
N. This enables a deeply pipelined workflow, as illustrated in
Fig. 15, that overlaps client-side generation, network transfer,
and server-side application.

ParaSync further exploits this decoupling to maximize I/O
efficiency. Literal data typically constitutes the bulk of the
transfer volume and can be handled independently of com-
mand sequencing. Consequently, ParaSync segments literal
data into fixed-sized chunks. These chunks are transferred
concurrently to the server using multiple streams, akin to
BitTorrent [23,27].

On the server side, upon receiving literal data chunks (po-
tentially via an I/O ring mechanism), ParaSync writes these
chunks sequentially to the target file. This sequential write
strategy enhances I/O efficiency, as sequential write through-
put significantly exceeds that of random writes, even on mod-
ern storage like NVMe SSDs [37, 48]. Furthermore, this
achievable write throughput often exceeds typical WAN band-
width and approaches LAN speeds.

While writing the current portion of literal bytes, the server
can simultaneously use another thread to begin sequentially
copying chunks from the old file to the new file based on
copy commands, even if subsequent literal bytes have not yet

Command ’ PAC, H PAC,

PAC PAC
Pre-Process 2 H 3
Literal Bytes [

e St (0 580 () )

Dtransmitter = \ -\ -\ .\

Server
Patcher Command [
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]* PAC, | PAC, [ PAC; [ PAc,

o D OO0 ) ) ()
iggyPAC () [ ] Yos]) {cB:] {8 ) {8

Figure 15: Pipelining in ParaSync.

arrived. Once sufficient literal bytes are received, the write
thread resumes writing the next portion. This overlapping
of network transfers, literal data writes, and copy command
execution maximizes utilization of both network and disk I/O
bandwidth. Additionally, this method ensures that the pipeline
remains full, guaranteeing that there is always data "in flight"
on the network.

4 Evaluation

4.1 Experimental Setup

Testbed. Our experiments are conducted on three cloud ECS
instances. Each instance is equipped with a 16-core Intel
Xeon 8269CY CPU @2.5GHz and 512GB memory, running
Ubuntu 22.04 (Linux kernel 5.15.0-71). In our setup, each
thread is pinned to a separate physical core, limiting the max-
imum thread count per instance to 16. We choose this limit
to fully utilize the available physical cores while avoiding
the complexity and potential performance bottlenecks asso-
ciated with higher thread counts on this architecture, such as
increased resource contention, context switching overhead,
and NUMA locality issues [31,52,53]. The storage devices
are three 4TB cloud disks with EXT4 file system, each of
which has a sequential read/write speed of 1400/1000 MB/s
for single-threaded access. Instances 1 and 2 are deployed in
separate data centers, connected by a WAN with 50ms average
Round Trip Time (RTT) and 500Mbps bandwidth. Instances
2 and 3 are co-located in the same data center, connected by
a LAN with 0.4ms average RTT and 10Gbps bandwidth.

Delta Sync Methods. We evaluate the performance of the

following delta sync methods:

* Dsync. We implement dsync based on its published descrip-
tion [32] (~1800 LoC C++), as the original prototype of
dsync is not open-source. Dsync executes each sync phase
sequentially using a single thread.

e PDsync (Parallel Dsync). Built upon our dsync implemen-
tation (~2900 LoC C++), this method replaces key com-
ponents with SS-CDC [43], straightforward parallel chunk
matching and partial pipelining for delta reconstruction.

e ParaSync. Our proposed system (~4200 LoC C++), which
implements novel multi-threaded chunking, parallel match-
ing, and an efficient pipelined delta reconstruction.
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Figure 16: Breakdown of file chunking time using 2, 4, 8, and 16 threads.

Moreover, we evaluate rsync using its pipelined sync model
to compare total sync performance. All other implementation
details, including the use of CRC32C and BLAKE3 check-
sums, the minimum/expected average/maximum chunk sizes,
the hash table, the memory allocator and the coroutine-based
I/0O operations (4 coroutines per thread), are consistent across
the evaluated sync methods. Unless otherwise specified, all
experimental configurations remain unchanged, and each re-
sult represents the mean of 10 runs, with a standard deviation
of less than 5% of the mean.

Dataset. Our evaluation uses seven real-world datasets span-
ning two orders of magnitude: five datasets at the gigabyte-
scale and two at the terabyte-scale.

 Chat. Two versions of WeChat chat logs (2024-08-26 and
2025-02-23) comprising 16 backup files (25.4 GB).

* Ubuntu. 34 minor version images across five major Ubuntu
releases (14.04-22.04) from Ubuntu Archives [25], used to
construct version pairs for sync tests (32.8 GB).

* Nuts. Two versions of personal NutStore snapshots (2023-
12-07 and 2025-01-10, 53.7 GB).

* Enwiki. Two versions of Wikipedia backups (2024-07-01
and 2025-02-01) from a public dataset [26] (188.5 GB).

¢ Kernel. 200 minor versions of Linux Kernel source code
across two major releases (5.15 and 6.1), obtained from the
Linux Kernel Archives [17] (221.3 GB).

* MySQL. Two monthly MySQL database backups from a
production server (2.1 TB).

* VM. Two versions of Virtual Machine snapshots from a
production cloud server hosting an LLM model and its
training data (2.4 TB).

Performance Metrics. We evaluate the different sync meth-

ods based on the following metrics:

* File Chunking Performance. Measures breakdown time
across various threads and chunking throughput.

* Chunk Matching Performance. Evaluates breakdown time
for different threads and total matching time under both
WAN and LAN.

* Delta Reconstruction Performance. Includes total time for
delta reconstruction under both WAN and LAN.

* Total Sync Performance. Measures network traffic and end-
to-end sync time under both WAN and LAN.

4.2 File Chunking Performance

We begin by evaluating the file chunking breakdown time
on endpoints across seven real-world datasets using varying
threads. Network transmission time for checksum lists is ex-
cluded, as it is negligible compared to the chunking duration.
Fig. 16 shows the results of pdsync and ParaSync. The first
stage of the SS-CDC method, employed by pdsync, achieves
speedup as the number of threads increases. However, this
speedup is constrained by the sequential determination of
chunk boundaries and the computation of checksums in the
second stage. In contrast, ParaSync’s second stage only re-
quires merging sub-chunks and combining checksums, mak-
ing it significantly faster than SS-CDC’s second stage. Further,
SS-CDC’s first stage necessitates allocating a large memory
space for a global bit array, which threads must access to
record potential chunk boundaries. In comparison, ParaSync’s
first stage allows threads to access only a local queue and em-
ploys on-demand memory allocation for sub-chunk metadata.
ParaSync distributes checksum calculations across multiple
threads, more efficient than the single-threaded checksum
computation in SS-CDC’s second stage. Compared to pdsync,
this reduces ParaSync’s chunking time by 9.8%—41.4% for
the first stage and 62.8%—84.5% for the second stage.

We further evaluate the file chunking throughput of differ-
ent sync methods without network transmission time. Fig.
17 shows the results. Using the sequential file chunking
throughput of dsync as the baseline, we compare it to pdsync
and ParaSync, both of which employ 8 threads for the first
stage of file chunking and a single thread for the second
stage. The 8-threaded configurations of pdsync and ParaSync
achieve speedups of 2.9x and 7.6, respectively, over the
baseline. ParaSync’s significant speedup is attributed to its
multi-threaded file chunking algorithm, which demonstrates
near-linear scalability with the number of threads.

4.3 Chunk Matching Performance

We evaluate the execution time of the chunk matching
phase, specifically examining the wmatcher (server-side) and
smatcher (client-side) components as the thread number in-
creases from 2 to 16. Fig. 18 shows the results for pdsync and
ParaSync. Compared to pdsync, ParaSync’s wmatcher and
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Figure 17: File chunking throughput.
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Figure 19: Total chunk matching time.

smatcher execution times are reduced by 15.3%-56.1% and
16.7%—-62.1%, respectively. This is because pdsync’s parallel
chunk matching fails to evenly distribute checksum calcula-
tions and comparisons across threads. In contrast, ParaSync’s
parallel chunk matching achieves a more balanced distribution
of these operations. We use the original dsync as a baseline
to compare the total chunk matching times of pdsync and
ParaSync. The results are shown in Fig. 19. In this exper-
iment, dsync uses a single thread for each task (wmatcher,
smatcher, network transmission), operating sequentially with
synchronous I/0. Pdsync uses 8 threads for wmatcher and
smatcher, plus one for network transmission. While wmatcher
runs in parallel with network transmission, smatcher begins
only after all matching tokens are received. ParaSync adopts
the same thread configuration as pdsync. In WAN, ParaSync
reduces matching time by 72.5%-84.2% vs. dsync and 43.4%—
60.3% vs. pdsync. In LAN, reductions are 75.1%-85.6% vs.
dsync and 43.1%-59.7% vs. pdsync. ParaSync’s gains come
from overlapping wmatcher and smatcher operations and us-
ing strong hash sub-tables for efficient matching. Both net-
work environments show significant improvements because
matching token transmission constitutes a relatively small
fraction of total sync time, making wmatcher and smatcher
execution the dominant bottlenecks.

4.4 Delta Reconstruction Performance

Fig. 20 shows the total delta reconstruction time. Each method
uses a single thread for patch command processing, network

Total Time (s)

Figure 18: Breakdown of chunk matching time using 2, 4, 8, and 16 threads.
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Figure 20: Delta reconstruction.

I/0O, and disk I/O. Dsync and pdsync process patches sequen-
tially, with pdsync adding partial pipelining. ParaSync fully
pipelines the client-side transfer of patch commands and lit-
eral bytes with server-side patch application. ParaSync out-
performs dsync and pdsync, reducing time by 8.5%-35.2%
vs. dsync and 5.1%-21.5% vs. pdsync in WAN, and 15.2%-
49.1% and 10.3%-26.7% in LAN, respectively. This reflects
ParaSync’s effectiveness in overlapping and parallelizing
these phases. The smaller gain in WAN indicates that literal
byte transmission dominates the total time.

4.5 Total Sync Performance

We evaluate the total network traffic of various sync methods,
including rsync, with the results shown in Fig. 21. The traffic
volumes are nearly identical due to the use of fundamentally
similar formats for checksums, matching tokens, and patch
commands across all systems. ParaSync incurs a slight over-
head (at most 3.2% more than dsync), resulting from protocol
details like an initial sync request and embedded flags within
patch commands (e.g., for BitTorrent-like streaming).

We further compare the total sync time of ParaSync against
rsync, dsync and pdsync, with results shown in Fig. 22.
ParaSync and pdsync both use eight threads for their respec-
tive processing phases, while rsync employs eight threads for
delta transmission and dsync uses a single thread for each
phase. To ensure a fair comparison, the client in all sync
methods first sends a sync request to the server, initiating file
chunking at both ends. In WAN, ParaSync achieves a speedup
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Figure 21: Total sync network traffic.

of 1.25x-2.4x over dsync and 1.14x—1.6x over pdsync. In
LAN, ParaSync achieves a speedup of 2.3x-3.7x over dsync
and 1.5x-1.74x over pdsync. Furthermore, rsync is slower
than CDC-based methods in most cases, even when config-
ured with pipelining, because its FSC-based rolling process
incurs higher computational overhead than CDC-based chunk-
ing. In the eight-threaded configuration of ParaSync, network
transmission time for literal bytes accounts for 76.1%-96.7%
of the total sync time across all datasets. This time can be
further reduced by employing overlay networks or multi-path
transmission techniques [34,57] in WAN scenarios. These
optimizations are orthogonal to ParaSync’s design.

5 Related Work and Discussion

5.1 Delta Sync

Delta-based sync [49,50,65] is widely used to transmit data
in the form of differences (deltas) between different versions
of a file. DeltaCFS [68] integrates delta sync with NFS-like
file RPC to minimize computational overhead and network
traffic. PandaSync [58] is a hybrid cloud sync scheme that
dynamically selects between full sync and delta sync based on
network characteristics and workloads. WebR2sync+ [65] per-
forms the chunk search operations on the server side, and fur-
ther exploits locality-aware chunk matching and lightweight
checksum algorithm to reduce computational overhead. Fea-
tureSync [59] improves sync efficiency and reduces network
traffic of encryption-based cloud storage services by selecting
a suitable feature to serve as the secret key for file encryption,
merging several files together, and exploiting a fine-grained
window size. SkySync [70] leverages the metadata from the
conventional storage layer (including checksums and crypto-
graphic digests) to perform a collaborative delta generation at
low cost, which is orthogonal to ParaSync. All the aforemen-
tioned works fail to effectively exploit the inherent parallelism
in file sync.

5.2 Design Rationale and Trade-offs

Strategic Resource Trade-offs. In extremely high-bandwidth
environments (e.g., 100 Gbps or higher), one might consider
bypassing CDC entirely and performing a full sync by trans-
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Figure 22: End-to-end sync time.

mitting the entire file without delta computation. This ap-
proach reduces endpoint CPU usage, as neither chunking nor
matching is required. However, even with abundant band-
width, transferring terabytes of data when only gigabytes
have changed is wasteful, environmentally unsustainable, and
misaligned with the emission reduction goals of cloud ser-
vice providers. Such transfers consume resources on network
interface cards, switches, and routers [46,47], and at scale
can contribute to network congestion [29, 69, 71], thereby
impacting other applications and degrading overall network
performance.

In addition to the trade-off between delta sync and full file
transfer, ParaSync’s design embodies a deliberate strategy
of trading higher peak resource utilization for a significant
reduction in total sync time. This choice has implications for
CPU, energy, and memory overheads.

¢ CPU and Energy Overhead. By utilizing multiple cores
simultaneously, ParaSync naturally incurs higher instanta-
neous power draw than sequential methods. By drastically
reducing total sync time, ParaSync finishes tasks faster
and returns resources to the system sooner. This improves
overall system throughput and application responsiveness,
which is critical for services dependent on fast data sync
(e.g., collaborative tools, distributed computing, and backup
restoration). The additional CPU cost of thread manage-
ment and synchronization is largely a fixed cost that is
amortized over the computation on large files.

* Memory Overhead. While thread-local states (e.g., stacks)
introduce overhead, the dominant memory consumers in
CDC-based sync are data structures scaling with file size
(e.g., hash tables), not thread count. Thus, ParaSync’s foot-
print remains comparable to sequential approaches. Fur-
thermore, any pre-allocation overhead determines by the
pipelined design is effectively masked: memory for sub-
sequent batches is prepared concurrently while worker
threads process current data, preventing allocation latency
from stalling the critical path.

Performance in Adversarial and Scaled Scenarios.
ParaSync’s architecture provides resilience in corner cases.

e Low Similarity. When syncing files with little or no simi-
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larity, the bottleneck shifts from computation to the network
transfer of literal data. Even here, ParaSync maintains a
performance advantage. First, its parallel chunker still com-
pletes the initial, mandatory file scan faster than sequential
methods. Second, its pipelined reconstruction allows the
client to begin streaming literal bytes immediately, saturat-
ing network bandwidth sooner.

* High Fragmentation. In scenarios with thousands of small,
scattered changes, the delta is composed of many small
copy and insert commands. Sequential approaches that rely
on relative offsets are heavily penalized, as they must ap-
ply each patch in a strict order. ParaSync’s use of absolute
offsets in patch commands is a key advantage here. It de-
couples delta application, enabling the server to process
these small commands in parallel batches and out-of-order,
mitigating the performance degradation that plagues se-
quential methods in fragmented workloads.

¢ Concurrent Environments. In multi-tenant environments,
ParaSync’s fine-grained parallelism makes it more efficient
than running multiple instances of a sequential sync process
on a busy server. Its pipelined architecture ensures that if
one thread stalls on I/O, other threads can immediately
utilize the available CPU core to process other parts of
the same or different jobs. This inherent resilience to I/O
stalls and head-of-line blocking leads to better resource
utilization and higher aggregate throughput in concurrent
environments.

6 Conclusion

CDC-based file sync can typically be decomposed into three
phases: file chunking, chunk matching, and delta reconstruc-
tion. This paper presents ParaSync, a novel CDC-based file
sync scheme that achieves fine-grained parallelism in individ-
ual phases. Specifically, ParaSync introduces a novel multi-
threaded file chunking algorithm, a streaming chunk matching
process, and an efficient pipeline for delta reconstruction. Ex-
tensive evaluation demonstrates that ParaSync significantly
outperforms state-of-the-art file sync schemes. In our future
work, we will explore the potential of integrating ParaSync
with advanced network optimization techniques to improve
its network transmission efficiency. We have open-sourced
ParaSync at https://github.com/nicexlab/parasync.
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