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Abstract

This paper introduces FEDDE, a general and efficient framework that
addresses data redundancy across clients to facilitate effective fed-
erated learning (FL). At its core, FEDDE adopts a hierarchical dedu-
plication architecture where clients first perform local, centralized
deduplication and then send minimal records that are only meaning-
ful for redundancy detection to the server for global deduplication.
To enable flexible trade-offs between FL training efficiency and
the accuracy of the training outcomes, FEDDE proposes two-round
approximate deduplication protocols. A set of system optimizations
is further applied to reduce deduplication overhead. Using FEDDE’s
general API, we have implemented federated deduplication solu-
tions to common data types. Evaluation results with real-world
datasets have confirmed the efficacy and performance of FEDDE: it
can significantly improve FL training efficiency without significant
model accuracy degradation, it enables flexible trade-offs between
the two metrics, and it is efficient and scales to many clients.

1 Introduction

Popularity of FL. The proliferation of mobile services and in-
telligent edge devices has led to an explosion of user-generated
data distributed on the clients connected by the Internet and the
Web, creating opportunities for training machine learning models
at unprecedented scales. Federated learning (FL) [57] has emerged
as a machine learning paradigm that enables collaborative model
training on decentralized data without centralizing sensitive user
information. The utility of FL has been explored in many domains,
including critical Web applications from on-device recommendation
systems to personalized content generation [9, 24,75, 82, 84].

FL training efficiency. Compared to model training in the cloud,
where powerful compute servers and fast network fabrics are pro-
vided, achieving training efficiency in FL has unique challenges.
Specifically, in FL, clients first train the target model locally on their
private data and upload model updates, instead of raw training data,
to the server, which incorporates, usually via aggregation, the up-
dates in the global model. The updated model is then broadcast
to clients for the next round of training. In this process, the con-
strained resource capacities of the clients and the limited bandwidth
and high latency of wide-area networks are all obstacles to achieve
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high model training efficiency. In response, many solutions have
been proposed to improve the efficiency of FL in a variety of aspects,
including communication [37, 55, 58, 77], client optimization and
sampling [10, 43, 76, 86], and overall architecture [4, 5].

Data duplication on FL clients. Despite the progress made by the
aforementioned efforts to improve FL training efficiency, data re-
dundancy, especially across FL clients, has been largely overlooked.
Previous work in centralized learning has shown the adverse effects
of duplicate data on the performance of model training and the
trained models [45, 68, 70]—training time increases proportionally
with training dataset, and the final model can be biased towards
repeated duplicates. Compared to centralized systems, FL clients
generate data independently and are thus prone to data duplication.
For example, images or videos of popular objects or events, and
texts about trending topics are likely to appear repeatedly on many
clients. As FL clients are wimpier than cloud servers, the training
overhead incurred by duplicate data is also more pronounced.

Challenges of data deduplication for FL. A variety of domain-
specific data deduplication solutions have been proposed in recent
years [2, 7, 11, 12, 35, 38, 41, 45, 54, 65, 68, 70], assuming controlled
environments and accessibility to the raw data items. In comparison,
detecting and removing redundant data between decentralized,
federated clients is underexplored and has the following challenges.

e Resource Constraints. The computational resources (e.g.,
CPU and memory) on FL clients (e.g., smart phones and ve-
hicles) are often constrained. The client-side computational
workload for deduplication must be minimized.

o Network Speed. FL clients are geographically distributed and
connected to the server via wide-area networks, which have
significantly higher latency and lower bandwidth compared
to local networks (e.g., data center networks). Therefore,
data transfers over the network must be carefully planned.

o Data Heterogeneity. FL clients are often equipped with sen-
sors that can generate data of different types, e.g., texts,
images, and videos. Duplicates can appear in any dataset
of any type, thus calling for a general solution that can ac-
commodate data heterogeneity. Deduplication approaches
for specific data modalities are incomplete solutions [1].

o Scalability. FL can scale to a large number of real-world
devices [5]. Accordingly, a deduplication solution for FL
must also have a scalable design.



e Data Privacy. To protect the private information contained
in the training data, the raw data items on a client should
never be moved outside of the client, which to a great extent
hamstrings cross-client duplicate detection.

Our proposal: FEDDE. To address the above challenges, we pro-
pose FEDDE, a data deduplication framework purposely designed
for FL. It can effectively remove redundant data not only within
individual clients but also across clients to improve FL training
efficiency. At its core, FEDDE adopts a hierarchical deduplication
architecture, which first removes duplicates within each client with
centralized deduplication and then sends small records that are only
meaningful for deduplication to the server for global deduplication.
This architecture enables several key benefits for federated data
deduplication: (1) it has no assumptions on the data type and can
thus generalize, (2) it preserves privacy in the raw training dataset,
(3) it minimizes communication overhead as the records transferred
to the server are significantly smaller than original items, and (4) it
scales gracefully with the number of clients as clients communicate
only with the server, not broadcasting messages to other clients.

Data redundancy also exists in different but similar items, i.e.,
near duplicates. Removing near duplicates can speed up the train-
ing process but may hazard the accuracy of the trained model,
depending on the loss of information in the differences. FEDDE
allows flexible trade-offs between FL training efficiency and the ac-
curacy of the training outcomes with approximate deduplication. To
support approximate deduplication in the hierarchical architecture,
clients generate embeddings from their local training datasets as the
records, and the server employs a vector database to store the embed-
dings and perform efficient approximate nearest neighbor search
(ANNS) to identify near duplicates. Transferring embeddings, how-
ever, amplifies network communication overhead. FEDDE introduces
two-round deduplication protocols, where a round of light-weight
exact deduplication is first performed to pre-filter identical items
from the embedding generation in the second round. We further
apply a set of system optimizations to improve the performance of
clients, the server, and the data transfers in between.

On top of the hierarchical, two-round workflow, we propose
a general API to instantiate federated deduplication for datasets
of any type. To demonstrate its uses and values, we implement
deduplication solutions for three common data types with FEDDE:
texts, images, and videos. With real datasets and ML models, we
extensively evaluate the efficacy and performance of FEDDE. Our
experimental results show that it can significantly improve FL train-
ing efficiency by removing identical and nearly identical training
samples between clients without significant adverse impacts on
model accuracy—in some cases, the model performance is improved
with FEDDE-deduplicated data. Moreover, FEDDE enables flexibil-
ity to make efficient trade-offs between FL training efficiency and
model accuracy, minimizes deduplication time (17X faster than the
baseline), and scales to many FL clients (saving 99% communication
when scaling to hundreds of clients compared to the baseline).

Contributions. This paper makes the following contributions:

Hu et al.

e We investigate the general problem of data deduplication
for FL and introduce FEDDE, a general federated data dedu-
plication framework that achieves scalability and preserves
privacy with hierarchical deduplication (§3.1-§3.2).

e We extend approximate deduplication to the hierarchical
architecture to allow flexible trade-offs between FL training
efficiency and model accuracy with two-round protocols
(§3.3). Atop the deduplication workflow, we propose a gen-
eral and easy-to-use API (§3.4) and apply a set of system
optimizations to improve deduplication efficiency (§3.5).

e We use FEDDE to implement federated data deduplication
for three common data types: texts, images, and videos (§4).

o We extensively evaluate FEDDE with realistic datasets, mod-
els, and FL tasks, and confirm its effectiveness to improve
FL training efficiency and its flexibility, efficiency, and scal-
ability for federated data deduplication (§5).

o We make our source code publicly available athttps://github.
com/conanhujinming/fedde. This includes the FEDDE toolkit,
data partitioning scripts, model configurations, and training
workflows.

2 Background
2.1 Federated Learning

FL is a decentralized machine learning paradigm [57]. The core
principle of FL is to train a global model fy where # € R? repre-
sents the model parameters collaboratively across a multitude of
distributed clients C (e.g. mobile devices):

min £(6,D) := @Li(e, D;)

5 ice |D|
without requiring clients to share their raw, potentially sensitive
data D;. A typical FL training round ¢ proceeds as follows: (1) a
central server distributes the current global model weights 6’ to
a subset of clients C! C C; (2) each client i € C! independently
trains the model on its local data D; for E epochs:

E
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(3) each client i sends its model updates 9{”, not their data D;, to
the server; and (4) the server aggregates these updates to produce
an improved global model:
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This iterative process allows for the creation of ML models from
globally distributed data while preserving client-side data privacy.
Key challenges in FL include managing statistical heterogeneity
(non-IID data distribution) [43, 58, 78], improving communication
efficiency [37, 55, 77], and achieving scalability [4, 5].

2.2 Data Deduplication

Exact Deduplication. Exact deduplication aims to identify iden-
tical data items. A straightforward approach is to apply a hash
function (e.g., SHA-256) to generate a signature for each item. More
sophisticated deduplication approaches for domain-specific data
exist. For example, Lee et al. [44] compute suffix arrays of each
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text document to find identical substrings. Although this is more
effective than hashing documents, generating suffix arrays and per-
forming comparisons can be computationally expensive. Content-
defined chunking (CDC) serves as an efficient alternative. CDC
algorithms, such as those based on Rabin fingerprints [66], use
a rolling hash to partition a byte stream into non-uniform and
content-aware chunks. This property ensures that local insertions
or deletions only affect nearby chunk boundaries, which allows
identical content blocks to be identified with the same hash, re-
gardless of their position across different documents. CDC can
effectively identify exact duplicates within a large corpus.

Approximate Deduplication. Near-duplicate detection, or ap-
proximate deduplication, detects semantically similar but not bit-
to-bit identical data items. A popular technique for text documents
is locality-sensitive hashing (LSH), which hashes items such that
similar items are likely mapped to the same hash value. One of
the pioneering LSH schemes is MinHash [6], which estimates the
Jaccard similarity between two documents by comparing compact
signatures derived from the sets of shingles (n-grams) they contain.

For perceptual data, such as images and videos, perceptual hash-
ing [19] is often adopted, such as the one based on the discrete
cosine transform (DCT) [52], which scales the image to a small,
fixed size, converts it to grayscale, computes the DCT to capture its
frequency components, retains only the low-frequency coefficients,
and finally generates a binary hash based on whether each coeffi-
cient is above or below the median. The hash values are computed
such that perceptually similar images will have hashes with a small
Hamming distance. This approach can be extended to videos by
computing the perceptual hashes on sampled frames.

3 The FEDDE Framework

FEDDE is a framework for data deduplication that targets decentral-
ized/federated computing and machine learning environments.

3.1 Design Principles

We seek to achieve the following goals in designing FEDDE.

(1) Generality. Duplicates can be present in any dataset of
any type. FEDDE should generally support deduplication
tasks for any dataset or data type.

(2) Flexibility. There is an inherent trade-off in deduplication
between FL training efficiency and model accuracy, depend-
ing on the amount of duplicates removed. FEDDE should
allow users to make the trade-off for specific tasks.

(3) Efficiency. Many components in a federated environment
can incur inefficiencies (e.g., client/server computation and
network communication). FEDDE should optimize its dedu-
plication workflow to achieve high efficiency.

(4) Scalability. FL can potentially involve many clients. FEDDE
should scale gracefully as the number of clients increases.

(5) Privacy Preservation. As required in FL, private informa-
tion contained in the raw data should never leave clients.

We next detail the architecture, deduplication protocols, API, and
optimizations of FEDDE and show how these goals are accomplished.

HashTable VectorDB

Server

ExactDedup | |ApproxDedup

e 1

Deduplicator

Clients

M

= Data Access

—J» Duplicate Signals

Signatures == Embeddings

= >> Deduplicate Actions

Figure 1: Architecture of FEDDE. Hierarchical deduplication
maximizes FL training efficiency and model accuracy.

3.2 FEDDE’s Architecture

FEDDE runs across FL clients and the server (coordinator) to dedu-
plicate data at different levels, as shown in Figure 1. It performs
data deduplication before iterative FL training begins [58].

A FEDDE Deduplicator is deployed on each client i and has
access to the local, potentially duplicated training data D;. The
Deduplicator can read any training sample S{ € D; and remove
it from the training set if S{ is considered a duplicate for the later
FL training. It can also generate a minimal record R{ based on S{
(privacy preservation is provided by SigGen or VecGen discussed in
§3.3) and uploads R{ via secure and encrypted network connections
to the server for deduplication purposes. The key insight behind
FEDDE is that performing deduplication against the client’s own
data D;, i.e., local deduplication, can only marginally remove re-
dundant information at the federated scale (as shown in Section 5).
To maximize the deduplication ratio and thus the efficiency of FL
training, FEDDE adopts a hierarchical approach that also allows the
deduplication of the training data of each client against the train-
ing data of all clients D = (J;c aniclients Di» 1-€., global deduplication.
Deduplication ratio measures how much data is removed from the
original dataset and is defined as the ratio between original data
size and deduplicated data size.

As the Deduplicator can access the raw data, the local dedupli-
cation can be performed using any existing, non-federated dedu-
plication approach for specific tasks [45, 80]. FEDDE’s global dedu-
plication requires the cooperation with the server. Specifically, the
server adopts a proper data structure F that supports two opera-
tions for duplicate detection. Upon receiving a record R{ , the server
first queries F to determine if this is a duplicate:

F(R)) — {0,1}.
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Figure 2: Approximate deduplication enables flexibility.

The duplicate signal is sent back to the client i. The server then
performs a merging operation to incorporate the record in F:

F—FoR.
When the Deduplicator receives the duplicate detection result

for a record R{ from the server, it removes the corresponding train-
ing sample from D; if the server detects the record as a duplicate:

D; « D; =S/ if F(R)) = 1.

We note that this overall architecture is deliberately simple for
generality and efficiency reasons. It preserves the privacy of raw
training data by sending only minimal records to the server, the
same guarantee as provided in FL [58]. More technical contributions
and how FEDDE achieves other goals are discussed next.

3.3 Deduplication Protocols

A key benefit of FEDDE is to allow flexible trade-offs between the
training efficiency of FL and the accuracy of the trained model:
users can decide which metric to prioritize based on their task
preference by determining to what degree similar samples are con-
sidered duplicates in FEDDE. Flexibility is enabled by the detection
of near-duplicates [45, 54], or approximate deduplication [22]. In-
deed, flexibility is greatly restricted if “duplicates” are defined as
identical samples only, i.e., exact deduplication. To show how ap-
proximate deduplication enables flexibility, we vary the Jaccard
similarity threshold in MinHash to detect duplicates in a real-world
text dataset of news articles [30] (with 5-grams and a signature size
of 256, details in §4): lower thresholds mean similar documents are
more likely to be considered duplicates, and 100% similarity equates
to exact deduplication. Figure 2 shows the deduplication ratio re-
sulted from each similarity threshold. As can be observed, exact
deduplication only removes a marginal portion of the dataset, lead-
ing to limited improvement in training efficiency. In comparison,
relaxing the similarity requirement for duplicate detection can sig-
nificantly increase deduplication ratio. FEDDE extends approximate
deduplication in the following aspects.

Hierarchical Approximate Deduplication. FEDDE first adapts
approximate deduplication to its hierarchical architecture. Specifi-
cally, the Deduplicator on each FL client i adopts VecGen, which
given a training sample S] generates a vector of features V{ , e,
an embedding, as the record le This vector is first used for local
deduplication (Step @ in Figure 1): the Deduplicator runs an ap-
proximate nearest neighbor search (ANNS) over v{ against all local
vectors. If the similarity between v{ and the vector of the nearest
neighbor of S{ is above a threshold 0, S{ is considered a duplicate.

Hu et al.

Algorithm 1 Server-side protocol

// Round 1: Pre-filtering with exact deduplication
1: for each h{ received do
2 if F_HashTable. exists(h{) then
3 signal « true
4 else
5 signal « false
6 F_HashTable. insert(h{)

7 Respond signal to client i

// Round 2: Approximate deduplication
8: for each VJ received do

9: if F_VectorDB.anns(v] ) top(1).sim > 6 then

10: signal « true

11: else

12: signal « false

13: Respond signal to client i

14: F_VectorDB.create(v{)

Algorithm 2 Client(i)-side protocol

// Round 1: Pre-filtering with exact deduplication
1: for S{ € D; do
2 h] « SigGen(s!)
3 if S/ survives local exact deduplication then

signal «— SendToServer(h{)
if singal = true then

AN

Remove Slj from D;
// Round 2: Approximate deduplication
7: for S{ € D; do
8: v] « VecGen(S))

9: if S/ survives local approximate deduplication then
10: signal «— SendToServer(v{)

11 if singal = true then

12: Remove Slj from D;

For each locally-survived sample S{ , the Deduplicator sends its
vector v{ to the server for global deduplication. Following FEDDE’s
architecture, the server determines if Slj is a duplicate against the
union of all clients’ samples. To perform approximate duplicate
detection efficiently at FL scale, the server employs a vector data-
base as the data structure F. Due to recent popularity [63], vector
databases can now support fast vector insertions, index updates,
and ANNS queries. The same threshold 6 is used to determine if
S{ is a duplicate when the nearest neighbor and similarity score
for v{ are returned. This duplicate signal is then sent back to the
Deduplicator on the client for the final deduplication processing
(Step ®): Slj is removed if the server signals a duplicate.

Improving Communication Efficiency via Exact Deduplica-
tion Pre-Filtering. Embeddings are often large records. For in-
stance, a 256-dimensional integer embedding totals 2KB, a non-
negligible size for an image or a text document. Directly sending
embeddings to the server thus compromises the efficiency goal. To
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Table 1: FEDDE APIL.

API Return Functionality
SigGen(Sample) Signature Generate signature
VecGen(Sample) Embedding Generate embedding

Init(SigGen, VecGen, ServerAddr) Deduplicator Initialization
Run(Deduplicator, Threshold, Path) #Duplicates Execute deduplication

circumvent the overhead of transferring embeddings, FEDDE glob-
ally removes identical training samples with exact deduplication
before approximate deduplication.

Specifically, the Deduplicator on a client adopts SigGen, a
record generator that computes a hash signature h{ from each
training sample Slj . The signature consists of a few bytes and is
much smaller than an embedding, and two identical samples will
generate the same signature. The Deduplicator first removes local
samples that have the same signatures (Step @) and then sends the
signature of each remaining sample to the server. A concurrent
hash table keyed by signatures is adopted as the data structure on
the server for exact deduplication. When a signature h{ is received,
the server queries the hash table to generate a duplicate signal (1 if
the signature exists, 0 otherwise) and inserts h{ into the table if it
is a distinct signature. Finally, the Deduplicator keeps or removes
Slf , depending on the duplicate signal (Step @).

Algorithms 1 and 2 summarize the server-side and client-side
protocols, respectively. Pre-filtering identical samples can signifi-
cantly reduce the overhead of approximate deduplication, and this
two-round protocol is up to 30% more communication-efficient
than directly performing hierarchical approximate deduplication.

3.4 Interface

Based on the two-round hierarchical deduplication protocols, we
provide an API to instantiate a deduplication task as shown in Ta-
ble 1. Specifically, the user first specifies how to generate a signature
and an embedding by providing the SigGen and VecGen implemen-
tations. A deduplication job can be initialized with Init, which
takes SigGen, VecGen, and the server’s address as input and returns
a Deduplicator object. To execute the deduplication job, Run is
called to process the training samples in a specified data path (Path)
using the Deduplicator. A similarity threshold (Threshold) is also
provided to define how similar two embeddings are considered
duplicates. The return value of a Run invocation indicates the total
number of duplicates removed from the local training samples.
This APl is general: Sample is an abstract type and can be instan-
tiated to any type, Signature and Embedding can be reconfigured,
and exact/approximate deduplication can be selectively enabled or
disabled by specifying SigGen/VecGen or leaving it unspecified.

3.5 System Optimizations

In addition to the communication-efficient deduplication protocols,
we further improve FEDDE’s efficiency with several system-level
optimizations centering around the compute tasks on FL clients
and on the server as well as client-server data transfers.

Client Optimizations. The Deduplicator on each client primar-
ily performs disk I/O to access and remove training samples, gener-
ates records, executes local deduplication, and communicates with
the server. It is optimized with the following techniques.

e Parallelized Data Loading and Processing (PDLP). As FL
clients usually have multi-core processing units [4], FEDDE
spawns a deduplication worker thread on each core and
partitions training samples across the workers, each load-
ing the respective partition for further processing. When
duplicate signals are received from the server, they are dis-
patched to individual workers for the final data removals.
Each worker maintains a thread-local working set to mini-
mize the synchronization overhead between workers.

o SIMD-based Record Generation (SRG). SIMD (Single Instruc-
tion Multiple Data) is increasingly supported on edge de-
vices, e.g., Arm Neon [3]. FEDDE uses SIMD instructions
to accelerate loops on the critical path when generating
records (signatures and embeddings) from training samples.

Data Transfer Optimization. In FEDDE three types of messages
are transferred between clients and the server: embeddings, signa-
tures, and duplicate signals. The latter two are small. Transferring
them individually under-utilizes network bandwidth: e.g., TCP re-
quires a buffer of ~500 KB to maximize transfer performance in a
network with 10 Mbps bandwidth and 50 ms latency. FEDDE adopts
Batched Data Transfers (BDT), where clients and the server batch
sufficient data for each network transfer.

Server Optimizations. The hash table and the vector database the
server adopts to support global deduplication are expected scale
to a large number of clients and thus have stringent performance
requirements. These two data structures are optimized as follows.

o Sharded Signature Operations (SSO). The concurrent hash
table on the server is first implemented with Cuckoo hash-
ing [62]. Concurrency control is realized by making bucket
access a critical section, which becomes a scaling bottle-
neck when lookup and insertion are frequently invoked. To
avoid contention, FEDDE shards the hash table by the key
range, and each server thread manages one shard and exe-
cutes operations accordingly. Network threads that receive
signatures from clients dispatch them to the target shards.

o Tuned Vector Indexing (TVI). The vector database is imple-
mented with the popular Faiss library [34], which supports
high-performance ANNS queries. The library offers a vari-
ety of ANN indexing methods, including Inverted File Index
(IVF), Hierarchical Navigable Small World (HNSW), and
Locality Sensitive Hashing (LSH). FEDDE selects LSH as its
indexing approach, which offers the highest performance
for building the index, an operation the server executes for
each embedding uploaded from clients.

Table 2 reports the performance improvement each of the above
techniques enables in our evaluation setup (§5).

4 FEDDE in Practice

To demonstrate the practical uses of FEDDE, we implement feder-
ated deduplication for three common data types: text documents,
images, and videos. The primary effort is to generate signatures and



Table 2: System optimizations in FEDDE and their effects.

Client Data Transfer Server
Optimization PDLP SRG BDT SSO  TVI
Improvement 45X 2.6X 9.3%X 3.5 60.8%

embeddings, i.e., specifying SigGen and VecGen. The end-to-end
deduplication workflow is automatically executed. Table 3 shows
duplicates in real-world datasets identified by FEDDE.

4.1 Text Deduplication

For exact deduplication, we treat each text chunk as a sample in
FEDDE and generate a hash value as its signature. Specifically, we
adopt content-defined chunking (CDC) [61, 80] to segment a docu-
ment. Let a document T be a sequence of tokens over an alphabet X:
T = (t,t2, ..., 1n), t; € Z. We apply Rabin fingerprinting [66] with a
polynomial modulus, the average chunk size, p and a base b as the
rolling hash over a window of characters W; = (¢;—yy41, ..., i):

H; = (Z;:)l tioj bj) mod p

which can be incrementally computed in O(1) time:
H; = ((Hi—l — iy bw_l) b+ ti) modp

Chunk boundaries are determined at each position: H; mod p = 0.
We compute an 8-byte hash value for each chunk as the signature.

Compared to fixed-size chunking, CDC is resilient to small ed-
its (insertions and deletions) in a document and is more likely to
identify duplicate chunks between documents.

For approximate deduplication, we detect near-duplicates at the
document level with MinHash [6]. Each document is first converted
toits 5-grams: G = {g1, g2, ..., gm }, Which is then used to compute an
array of hash values [h;(G), hy(G), ..., bk (G)] as the embedding of
the document. To compare two documents G; and G, their Jaccard
similarity index [32] is approximated:

k
J(61G) = [T = 1 D k(60 = h(Ga))

MinHash has been widely adopted for text near-duplicate de-
tection [23, 45, 46, 83]. We set k = 256 to obtain 256-dimensional
embeddings for approximate deduplication.

4.2 Image Deduplication

We generate a perceptual hash using a two-dimensional discrete
cosine transformation (DCT) [52] as the signature for each image.
Given a gray scaled image X € REF*W, the DCT of X is defined as:
_ 4 & T 1 T 1
Y Xk k, = Z th’w cos [ﬁ (h + 5) kl] cos [W (w + 5) kz]
h=1 w=1

This transformation decomposes an image and expresses it as a sum
of cosine waves. For lower values of k; and ky, Yk, , is relatively
low and can be interpreted as the smoother structures of the image.
For example, Y; ; represents the image’s overall brightness. As k;
and k, increase, Yk, , is able to capture finer details. To generate
the signature, we flatten the top-left 8 x8 segment of X’s DCT DCT’,
compute the median value M of a batch of hash values over DCT’,
and finally produce a 64-bit value using the following function:

H(X) =I[DCT’'(X) > M]

Hu et al.

Table 3: Near-duplicate examples in real-world datasets

Type Dataset Sample Duplicate Sample

...Some cities have a shot of setting ..Some cities have a shot of set-

record highs...The city’s high tem- ting record highs. The lowest record
Text CC News perature record for Feb. 19, set last high for next week was set Feb. 19,

year, was 44 at the Grand Forks In- 2016, at the Grand Forks Interna-
tional Airport with 44 degrees...

ternational Airport...

LAION-

I
mage B

Video Kinetics

Table 4: Datasets for data deduplication and FL evaluation

Dataset: CC News [30], GitHub [28], USPatents [29]

Text FL Task : Token Generation Model: Qwen3-0.6B [81]
Image Dataset: CIFAR-100 [40], LAION-5B [69], Open Image [42]
FL Task : Image Classification Model: PyramidNet [49]
Video Dataset: Kinetics [36], Something-Something (SS) [21], Jester [56]

FL Task : Action Recognition ~Model: VideoMAE [74]

To perform approximate deduplication, we use OpenAI’s CLIP
model [67] as the encoder to generate a 512-dimensional embedding
for each image. To measure the similarity between two images, we
take their embeddings and compute the cosine similarity.

4.3 Video Deduplication

We sample the key frames of a video and compute their DCTs and
then perceptual hashes. To generate the final signature, we employ
SimHash [8]. Given a set of b-bit hashes H = {hy, hy, ..., ht}, a b-
bit SimHash SH is computed by signing each bit that is the weighted
sum of the respective bit of all hashes in H:

k
SH = H[Zizl(zﬁ 1) > 0]
This signature is resilient to minor variations, such as slight shifts
in scene boundaries or small edits within the video.

We use a pre-trained Transformer-based VideoMAE model [74]
to generate an embedding for each survived video. The model
extracts the feature representation from an intermediate layer of
its encoder, which is further average-pooled across the spatial-
temporal dimension to produce the final fixed-size embedding.

5 Evaluation
We evaluate FEDDE to answer the following questions:

Q1. How well can the deduplication enabled by FEDDE improve
the training efficiency of FL, compared to baseline solutions?

Q2. How flexible is FEDDE to make the trade-off between FL train-
ing efficiency and FL-trained model accuracy?

Q3. How do the techniques in FEDDE contribute to its efficiency?
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Table 5: Data reduced by different deduplication approaches for different types of data and the impacts on training efficiency
and the accuracy of the trained models. Overall, FEDDE can effectively remove duplicates without degrading the model accuracy.

Metrics ‘ Data Reduction (%) T ‘

Training Time (hours) | ‘

Test Accuracy (%) T

Deduplication Solutions ‘LocalApprox GlobalExact FEDDE ‘ Original LocalApprox GlobalExact FEDDE ‘ Original LocalApprox GlobalExact FEDDE

CC News 8.3 21.2 513 | 625 52.3 47.7 36.2 4.9 4.9 4.8 4.7
Text  GitHub 2.1 13.3 30.5 | 85.9 84.8 74.0 58.3 | 315 31.1 30.9 30.3
USPatents 9.2 12.3 24.1 | 18.0 17.7 15.3 14.8 | 195 16.9 19.6 17.0
CIFAR-100 4.5 13.0 25.6 2.1 2.0 1.9 1.7 22.9 22.0 19.5 20.3
Image LAION-5B 15.3 28.1 39.5 0.5 0.5 0.4 0.3 46.6 46.3 46.8 46.6
Open Image 4.3 38.1 41.2 | 0.90 0.88 0.77 0.75 | 393 42.2 43.5 43.5
Kinetics 21.1 29.2 91.7 6.1 4.7 44 3.6 63.1 61.8 62.4 63.4
Video SS 7.3 19.1 333 9.8 8.5 7.9 6.9 48.4 45.7 47.1 47.5
Jester 8.4 16.2 38.3 | 223 20.3 19.1 16.2 90 89.5 89.5 89.5

Q4. How scalable is FEDDE with the number of FL clients?

5.1 Experimental Setup

Hardware and OS. All experiments are conducted on a machine
equipped with an NVIDIA A800 GPU and a 4-socket AMD EPYC
7513 32-core processor (128 cores in total). The machine installs
Ubuntu 24.04 as the operating system. In FEDDE, clients and server
communicate via Linux TCP sockets and realistic network specs
are emulated when investigating efficiency (§5.4).

Datasets. We use real-world datasets to evaluate data deduplication
and the effects on FL for all data types in Section 4 and correspond-
ing FL training tasks. Table 4 specifies the datasets, FL tasks, and
the recent ML models to be trained. Due to resource constraints,
we randomly sample a subset of classes from the massive datasets,
e.g., Kinetics (700 GB) and LAION-5B (300 TB), such that each task
can fit into our hardware capacity, and conduct due diligence to
verify the existence of duplication in other classes.

FL Setup. We use the most recent version (v1.22.0) of the Flower
framework [4, 20] to emulate a federated environment. By default,
there are 10 clients, and the training samples in each dataset are
partitioned among clients following a non-IID distribution (Dirich-
let distribution with « = 1.0). The global model is aggregated with
FedAvg. Specifically, we train the following models in FL:

o For next-token generation, we fine-tune Qwen3-0.6 B [81]
using Low-Rank Adaptation (LoRA) [26] with a rank of 8.

o For image classification, we train PyramidNet [49].

o For action recognition in videos, we fine-tune a pre-trained
VideoMAE model [74].

All models are trained/fine-tuned iteratively with FL until conver-
gence. We use perplexity [45] as the metric to evaluate the language
model and show its multiplicative inverse to be consistent (“higher
is better”) with the classification accuracy in image and video tasks.

5.2 FEDDE Improves FL Training Efficiency

Our first set of experiments evaluates how much FL training effi-
ciency can be improved with federated data deduplication in FEDDE.
We fix the similarity threshold to 0.96 in all experiments in this

section. We compare FEDDE with two baseline deduplication ap-
proaches: (1) LocalAppox deduplication where centralized approx-
imate deduplication is performed on each client, using the same
embeddings in FEDDE and the same similarity threshold, and (2)
GlobalExact deduplication, which on top of the previous local dedu-
plication further sends the hash signatures of survived samples to
the server for global exact deduplication. For each deduplication
solution, we measure (1) how much data in total is removed in
terms of the percentage in the original data aggregated across all
clients, (1) FL training time, and (3) the test accuracy of the trained
model, covering all the data types and datasets in Section 5.1.
Table 5 shows the result. We make the following observations.
First, FEDDE effectively eliminates data redundancy: up to 6x and
3% more duplicates can be removed across the datasets compared
to LocalApprox and GlobalExact, respectively. Second, this data
reduction directly translates to FL training efficiency. FL can be up
to 42% faster when trained on a FEDDE-deduplicated dataset than
on the original dataset, and 31% and 24% faster than LocalApprox
and GlobalExact. Finally, as we adopt a conservative similarity
threshold, the FL training efficiency is gained with FEDDE while
maintaining the model accuracy. In fact, in some cases FEDDE can
even improve model accuracy: FL achieves 63.4% accuracy with
FeEDDE-deduplicated Kinetics vs. 63.1% with the original dataset.

Summary. Removing data redundancy between FL clients with FEDDE
can significantly improve FL training efficiency up to 42% without
sacrificing the accuracy of FL-trained models.

5.3 FEDDE Enables Flexibility

We next investigate the impacts of different similarity thresholds
in approximate deduplication on FL training efficiency and model
accuracy. For this experiment, we vary the similarity threshold in
both FEDDE and LocalApprox from 1 (highest) to 0.8 (relatively low)
and measure FL training time and the test accuracy of the trained
model accordingly for all data types. We randomly sample a subset
of each original dataset to keep the evaluation time manageable.
As shown in Figure 3, we first observe the trade-off between FL
training efficiency and model accuracy in every task and dataset:
by aggressively removing similar training samples with low sim-
ilarity thresholds, training times (i.e., times to convergence) are
significantly shorter, while the final model accuracies drop as the
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models are under-trained with less data. Second, benefiting from
its two-round hierarchical deduplication protocols, the trade-offs
FEDDE makes are strictly more efficient than LocalApprox: with
the same final model accuracy, FL training is much faster with
FEDDE-deduplicated datasets, and vice versa.

Summary. FEDDE enables flexible trade-offs between FL training
efficiency and model accuracy by tuning the similarity threshold.
Compared to approximate deduplication on individual clients, FEDDE’s
results form an efficient Pareto frontier.

5.4 FEDDE Minimizes Deduplication Cost

To show the performance of FEDDE’s deduplication workflow, we
compare it with a baseline execution where the optimization tech-
niques in Section 3.5 are disabled. In addition, the baseline does
not employ exact duplication pre-filtering and thus incurs higher
communication overhead for sending more embeddings.

Figure 4 shows the time in each breakdown component when
deduplicating the CC News dataset (similar findings apply to other
data types and datasets): processing times on a client and the server,
as well as the data transfer time between one client and the server
over the network (assuming 10 Mbps network bandwidth). FEDDE
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is 17x faster than the baseline. The speedups on the client and
the server (9.6x and 34X, respectively) primarily originate from
the execution optimizations discussed in Section 3.5. There are
two sources of improvement for communication: (1) pre-filtering
exact duplicates in the first round saves 35.5% of embeddings sent
from the client the server in the second round for approximate
deduplication, and (2) the batched data transfer optimization (§3.5)
further brings a 9X improvement.

Summary. The two-round protocols and system optimizations in
FEDDE significantly improve deduplication efficiency—federated dedu-
plication with FEDDE can be 17X faster than the baseline.

5.5 FeDDE Is Scalable

Finally, we evaluate whether FEDDE scales gracefully when the
number of clients increases. Specifically, we let each client hold a
fraction of, without loss of generality, the CC News dataset and
vary the number of clients with the fixed data size. We measure the
volume of data transferred in the network for deduplication. In par-
ticular, we compare FEDDE with an alternative solution where each
client broadcasts records to all other clients for duplicate detection,
a communication approach adopted in recent work [1]. Figure 5
reports the result. We observe that FEDDE scales linearly with the
number of clients and saves 99% of network traffic compared to
client-to-client broadcast when scaling to 150 clients.

Summary. FEDDE only requires transferring data between a client
and the server without interferences between clients and can thus
scale to many clients.

6 Related Work

Domain-specific Data Deduplication. Data deduplication has
been an active research topic in multiple domains of computer
science, including databases [2, 11, 16, 31, 38, 85], storage [7, 12,
13, 33, 41, 48, 53, 59, 73, 87], distributed systems and network-
ing [15, 27, 47, 64, 72, 79, 80], natural language processing [25,
45, 60], image and video processing [14, 35, 50, 65, 71], and the
Web [17, 39, 54]. For instance, Dis-Dedup [11] and Dedoop [38]
are two distributed relational database deduplication approaches
leveraging MapReduce. DeDe [12] is a protocol for storage-area
network (SAN)-connected servers. FastCDC [80] proposes an opti-
mized content-defined chunking (CDC) for fast data deduplication.
Lee et al. [45] investigated the effect of text deduplication (with
exact and approximate string matches) for training large-language
models. ViDeDup [35] and Maze [65] are video deduplication so-
lutions. Koppula et al. [39] proposed to deduplicate web pages by
normalizing URLs. Manku et al. [54] presented a fingerprint-based
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algorithm to detect near-duplicate web pages. Compared to these
domain-specific deduplication approaches, FEDDE is distinct in its
FL focus and optimization design and extensibility to any data type.

Improving Data Quality for FL. Several recent works proposed
solutions to improve various aspects of data quality for FL. Specif-
ically, EP-MPD [1] introduces group private set intersection (G-
PSI) to detect and remove identical text training samples for lan-
guage model training with FL. Compared to FEDDE, this approach
is restricted to small scales, as it requires direct message passing
between FL clients, deduplicating exact training samples, and lan-
guage tasks only. AugHFL [18] is a two-stage approach to mitigating
the impact of data corruption on FL clients. Finally, FedClean [51]
performs data cleaning in FL. with attribute value frequency (AVF).
FEDDE is orthogonal to and can benefit from approaches to data
quality issues other than duplicates.

7 Conclusion

We have introduced FEDDE, a framework for removing redundant
data on FL clients to improve training efficiency. It achieves (1)
privacy preservation with a hierarchical architecture, (2) flexibil-
ity with approximate deduplication, (3) efficiency with two-round
protocols and effective system optimizations, (4) scalability by trans-
ferring data only between clients and the server, and (5) generality
with a generic API that can accommodate any data type and dataset.
We have implemented federated deduplication solutions for several
common data types with FEDDE, and its efficacy has been exten-
sively evaluated with real-world datasets and models.
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