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Abstract

Text summarization task extracts salient information from a
large amount of text for productivity enhancement. However,
most existing methods heavily rely on training models from
ample and centrally stored data which is infeasible to col-
lect in practice, due to privacy concerns and data scarcity
nature under several settings (e.g., edge computing or cold
starting). The main challenge lies in constructing the privacy-
preserving and well-behaved summarization model under the
data scarcity scenario, where the data scarcity nature will
lead to the knowledge shortage of the model while magni-
fying the impact of data bias, causing performance degen-
eration. To tackle this challenge, previous studies attempt to
complement samples or improve the efficiency of data. The
former is usually associated with high computing costs or
has a large dependence on empirical settings, while the lat-
ter might not effective due to the lack of consideration of data
bias. In this work, we propose FedSum which extends the
standard FL framework from depth and breadth to further ex-
tract prime and diversified knowledge from limited resources
for text summarization. For depth extension, we introduce a
Data Partition method to cooperatively recognize the prime
samples that are more significant and unbiased, and the Data
skip mechanism is introduced to help the model further focus
on those prime samples during the local training process. For
breadth extension, FedSum extends the source of knowledge
and develops the summarization model by extracting knowl-
edge from the data samples, hidden spaces, and globally re-
ceived parameters. Extensive experiments on four benchmark
datasets verify the promising improvement of FedSum com-
pared to baselines, and show its generalizability, scalability,
and robustness .

Code — https://github.com/Li-Evan/FedSum

Introduction

The amount of text data has grown explosively in various
domains, such as journalism, medicine, and entertainment.
For productivity enhancement, the summarization model,
namely summarizer, compresses textual content into shorter
versions while retaining key concepts from input content.
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To construct a summarizer, most existing literature focused
on the centralized manner with ample data. However, the
data from individuals or institutions are generally private
and sensitive, prohibiting access from the public. This makes
the collection of text data in a central location infeasi-
ble. Federated Learning (FL) (McMahan et al. 2017) pro-
vides a paradigm to utilize information and construct a
shared model securely. Nevertheless, when the FL system is
plagued by data scarcity (e.g., under edge computing or cold
starting settings, where each FL client trains a common and
basic summarization model with over 10M parameters with
less than 500 samples), it is intractable for the summarizer to
get adequate knowledge (Lin et al. 2022) and vulnerable to
data bias, such as Leading Bias (Zhong et al. 2019; Ko et al.
2021), resulting in performance degradation. Then a natu-
ral question is: How to derive a well-behaved summarizer in
data scarcity FL?

Generally, data scarcity leads to the knowledge shortage
of the summarizer, which is the main reason for degener-
ation (Cai et al. 2023b). To tackle this challenge, comple-
menting samples (Zhang et al. 2018; Cubuk et al. 2019) or
improving the efficiency of data (Zhuang et al. 2020; Li et al.
2021) are two common-used strategies. The former creates
samples by applying various transformations to the original
data (Yoon et al. 2021; Zhou and Konukoglu 2023), which
generally is computation-costed and heavily relies on the hy-
perparameters setting (Xu, Lin, and Wang 2023; Duan et al.
2023). The latter focuses on exploiting limited resources
(Collins et al. 2021; Lu et al. 2023), such as utilizing the
distance between measured prototypes and exploring param-
eters. Although these methods further explore the limited
data, the improvement is not remarkable in the practice, due
to the neglect of data bias.

To find an effective solution for the degeneration, we pro-
pose to maximize the data efficiency in model training. We
study the strategy of sample weighting, and mining hid-
den knowledge from different aspects. We propose FedSum
which extends the standard FL framework from depth and
breadth to further extract prime and diversified knowledge
for constructing the summarizer, as illustrated in Fig. 1.

For depth extension, inspired by hard sample mining and
bias elimination (Chen et al. 2023a), we introduce the Data
Partition method to recognize the prime samples, and adjust
the weight of data by the proposed Data skip mechanism,



to further mining prime knowledge. Specifically, we refer to
the samples with more unbiased and higher loss samples as
prime samples, while pronounced data bias and low super-
vised loss as normal samples. Since normal samples account
for a large proportion in the dataset (Zhong et al. 2019), the
summarizer will easily ignore the prime sample, degrading
the generalization (Xing, Xiao, and Carenini 2021), espe-
cially under data scarcity. To address it, FedSum dynami-
cally discards part of normal samples based on the training
progress, but not all normal samples like the common solu-
tions (Lin et al. 2018), preventing further degradation.

For breadth extension, inspired by Multi-Task learning
(Marfoq et al. 2021; Cai et al. 2024), we extend the source of
knowledge in training. FedSum not only learns from data but
also from hidden spaces and parameters. Since the prototype
is generally regarded as the carrier of semantic information
in hidden space (Li et al. 2020a), we leverage different pro-
totypes to build prototype loss, improving the generalization
and discrimination of features. Then, FedSum constructs the
semantic portraits for FL clients by their specific prototypes,
and measures the semantic distances between them to main-
tain the Portrait Distance Table (PDT) on the server. Take
the PDT as a guideline, each client can supplement the in-
sufficient semantic knowledge of their representation model
by training with the globally received classification heads.

Finally, we evaluate our method on benchmark datasets,
showing that FedSum provides a promising total improve-
ment over baselines in ROUGE metrics (0.15% at least and
29.9% at most) and exhibits generalization under various
heterogeneity (fluctuation in ROUGE metrics < 2.6% on
CNNDM and < 0.3% on PubMed), scalability about data
quantity over FL system, and robustness to leading bias (that
the position distribution of FedSum’s prediction is more
even and closer to the Oracle). Our main contributions are
concluded as follows:

* We propose FedSum, a privacy-preserved text summa-
rization framework that maximizes the data efficiency by
mining knowledge from samples, hidden spaces, and re-
ceived parameters for the challenge of data scarcity.

To mitigate the negative effect of data bias magnified by
data scarcity, we propose the Data Partition method and
the Data skip mechanism for further mining the prime
knowledge in model training.

Extensive experimental results on benchmark datasets
verify the improvement of FedSum and verify its gener-
alization for various heterogeneous conditions, its scala-
bility in data quantity, and its robustness to leading bias.

Background
Extractive Text Summarization

Since extracting the key idea from abounding information
is valuable in various scenes, many works have been pro-
posed in this track (Zhang, Liu, and Zhang 2023; Park et al.
2024). Inspired by the success of BERT, a summarizer with
an enlightening pattern has been proposed (Liu and Lapata
2019), namely BERTSUM. It leverages BERT to represent
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the input content and then recognizes the most salient sen-
tences by classification modules. Following this pattern, a
series of works modify the model architecture to further ex-
plore the semantic and structural information (Cohan et al.
2020; Bi et al. 2021). Another branch of work builds con-
trastive frameworks to reinforce BERTSUM by re-ranking
the model result (Zhong et al. 2020) or modifying the learn-
ing object (Liu and Liu 2021).

Federated Learning

Federated Learning is a rising paradigm in privacy-
preserving. A surge of works explore diverse FL applica-
tions in NLP (Liu et al. 2021; Du et al. 2023). Although FL
has strength in protecting privacy, it suffers from degrada-
tion problems, caused by heterogeneity and data scarcity. To
alleviate the degradation due to heterogeneity, FedProx (Li
et al. 2020b) introduces a proximal term to restrain the local
drift. SCAFFOLD (Karimireddy et al. 2020) learns person-
alized control variates referring directions of global updates
to guide the local training. FedNova (Wang et al. 2020) in-
troduces a normalizing weight to eliminate the objective in-
consistency and stabilize convergence. In the data scarcity
scenario, like the cold start scenario, models trained by these
methods might have difficulty acquiring sufficient knowl-
edge. One intuitive idea is extracting knowledge from hid-
den space (Huang et al. 2023; Zhang et al. 2024). FedProto
(Tan et al. 2022) extends the concept of prototype learning
to FL, reaching feature-wise local alignment with the global
prototype. Another branch of methods tries to leverage the
extensive knowledge from parameters. FedDC (Kamp, Fis-
cher, and Vreeken 2021) interleaving model aggregation and
permutation steps. During a permutation step, it redistributes
local models across clients through the server. These above
methods mitigate the negative effects of data heterogeneity
and scarcity, but not always behave outstanding in the sum-
marization task, due to the neglect of data bias.

Task Definition and Notations

Given a document (data sample) d = {uq,--- ,ug} with S
sentences from dataset D = {d;,--- ,d,}, each sentence

is assigned a result ¢ € [0,1] through the model (summa-
rizer), representing the probability that the sentence should
be extracted. General extractive summarizer f(€2,-) param-
etered by 2 = {0, w} can be divided into the representa-
tion model (6, -) and the classification head h(w, -), where
f(Q7 ) = h(w7r(97 )) Define E(gfhy) = OE(Z’\QJJ) as
the cross entropy loss function measured on the inference
Jo = f(Q,d) = [¢1,--- , bg] of document d and ground-
true label sequence y = [¢1,- - - , ¢s], where ¢y € {0,1}.

Given a client id k, we denote Yq, and Y}, as its prediction
set and ground-true set, respectively. D(j, ) and 7y, are full
dataset and its distribution. D ) denotes the ~y subset of
D, ry. In FL literature, it is a heterogeneous setting if 7, #
mq for p # ¢q. C' and K stand for the whole client set and
its size, « is the active ratio. C,, and {C, } denote the subset
of active clients and its indexes. 7" and E' are the number of
communications and local epochs. BB denotes data batch. B
and 7 are the batch size and the learning rate. ny and 7, =
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Figure 1: To mitigate the degradation caused by data scarcity, FedSum extends the standard FL framework from depth and
breadth. For depth extension, FedSum distinguishes the prime and normal data by the Data Partition method and adjusts the
weight of normal samples through the Data skip mechanism, promoting the summarizer to further focus on the more significant
and general pattern. For breadth extension, FedSum tries to maximize the efficiency of data by extending the source of knowl-
edge through Multi-knowledge Local Training, which learns from data, hidden space, and globally received parameters.

[ny/B] stand for the number of local data samples from k-
th client and its number of local updates. The total number of

samples is n = Zle ng. In FL, one aims to learn a model
that minimizes the empirical loss L({2) as follows:

. = n T
m&nL(Q) = %Lk(ﬂkzl)(k F))- ey
k=1
where L. (%, D)) = g & L 0(F (. i) ).
Method

The data scarcity leads to the knowledge shortage problem,
affecting the performance of the summarizer. To address this
problem by maximizing the data efficiency, we propose Fed-
Sum with two innovative modules: Data Partition and Multi-
knowledge Local Training, for depth and breadth extensions,
as concluded in Alg.1 and Alg. 2. The workflow is below.
Firstly, the server initializes the parameter. During the it-
eration of communication, the server obtains the communi-
cation list and broadcasts the parameter to each active client
(see line 1 to 4 in Alg. 1). After that, each client performs
the Data Partition based on the deviation of samples’ bias
level and supervised significance between local and global
(see line 4 to 5 in Alg. 2). Then each client performs Multi-
knowledge Local Training. During the exploration of data,
the Data skip mechanism discards partial normal samples
(see line 6 to 11 in Alg. 2). After the first communica-
tion round, based on the semantic portrait distance between
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users, FedSum also extracted semantic knowledge from pa-
rameters to update the representation model (see line 12 to
21 in Alg. 2). When local training epoch is done, FedSum
tries to optimize the feature representations in generaliza-
tion and discrimination by measuring different prototypes
and proto loss (see line 22 to 24 in Alg. 2). After Multi-
knowledge Local Training, the server updates the PDT and
corresponding parameters according to the uploaded re-
sources (see line 5 to 13 in Alg. 1). Finally, the server ag-
gregates different resources to complete one iteration (see
line 14 to 16 in Alg. 1). In short, FedSum optimizes the rep-
resentation module by minimizing Lgatq + Lpo +Lpm, while
optimizing the classification head by minimizing L g,

Data Partition

Similar to recognizing noisy samples (Li et al. 2024), data
can be allocated to normal and prime subsets according to
their significance for better exploration. In ML, the sample
with large training loss is generally considered as a prime
sample (Wang et al. 2023), which can reflect more guidance
about the task. Considering the characteristics of ExtSum,
that the extractive summarization can be decomposed to the
classification of multiple sentences (Bidoki, Moosavi, and
Fakhrahmad 2022), we propose that the criterion for the
prime sample should be detailed down to the sentence level.
Since the amount of key sentences is much less than the or-
dinary, the loss of sentences labeled with “1” is more valu-
able, which can precisely reflect the dilemma in classifica-
tion. Meanwhile, the label distribution can intuitively reflect



Algorithm 1: FedSum Server.

Require: 7', K, o, 1, y

1: Tnitialize 00, w”, set &€ and Q® as 0

2: fort =1to T do

3:  (C, < Client Selection(K, «)
Sever Broadcast(Cl, 81—, (=1 gt=1) Q1))
for i € {C,} in parallel do

(eh) (oh) gl=1) _(t=1) pl&i-1)
Qe €y 00w PGy L SPie

FedSum Client (e<H>, Q=1 t, PK;, P&Y)
7. end for
8:  Client Upload(Cy)
9:  fori e {Cy}do #Update PDT by |- |5 and tanh(-)
10 PDTTil[p] = tanh(||SP; — SP,|2)

AN

11: @gt_l) = Dropout(wgt_l), ~) # Bernoulli Noise
122 PK;={(PDTIillpl, & V) | p € {Cu} \ {i}}
13:  end for

14: G(t) Z{C }m 9(t 1) () Z{C }m w(t 1)

. =) A® (U)_ {Ca} ny . (St)
150 €, Q <—Eq2 P =30 o P
16: end for
17: return 057 w(™
Algorithm 2: FedSum Client (¢-th client).

Require: ¢, PK;, P&y

1: fore=1to F do
2: forj=1tor;do
3: Bj < Sampling (D(; ), LD < Label(B;)
4 Hy=r0"""B;), LM=¢(hw" H;),LD)
5: QEl J;, Ef 3, D ny» Dy, p) + Data Partition(

LD, LM, m, X\, =Y, Q=1 D N),D(z )

6: p < Sampling (U(0,1)), p ;) = T = TJ
7: Lyata = ZbB P % # Data knowledge
8: if B; € D(z’,N) and p < (i) then
9: Lgata =0 # Data skip mechanism
10: end if
11: L0 = L9 + Ldata7 Lw = Lw + Ldata
12: if t = 1 then # Param. knowledge
13: for (PDT[i|[p], " V) in PK; do
14 G = PDTTI] o
m L(h(@{' ", H;),LD)[b][c]
15: Lpm = Gp - Zf 2 “ B
16: Lg := Lo+ Ly,
17: end for
18: end if
19: 01 =0 _ VL,
(t 1) ’gt 1) UVLUJ
20: end for
2): end for) (&-1)
22: P(z o < Eaq 3, P(Z b Eq.4, SP; < Eq. 6.

23: if t #~ 1 then # Proto. knowledge
24:  Lpo < Eq.5, Ly =Ly, 67" :=6""Y —yvL,
25: end if

26: return Qéfjg Ef;iel(t D, =D p((ff) Y sp,
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Figure 2: The workflow of Data Partition method. m is
the max sentence index in data batch. More unbiased and
higher-loss samples will be allocated to the prime subsets.

the degree of leading bias in the data batch. Thus we refer
to the samples with pronounced leading bias and low su-
pervised loss as normal samples, while more unbiased and
higher loss samples as prime samples. We can recognize
the prime samples based on the measurements from the la-
bel distribution and loss matrix. For privacy constrain, the
data partition should be carried out locally. However, since
the private samples for each client are limited, the judgment
only based on local information might be biased (Tang et al.
2021). Thus, we propose a collaborative Data Partition al-
gorithm in Alg. 3 , which partitions local data regarding the
globally bias and significant level, as Fig. 2 shown. The de-
tail of Alg. 3 can be found in the appendix.

Specifically, QEZ ’]; index the position where the percent-

age of key sentences in j-th data batch B; over A, reflecting
the degree of leading bias in the sentences’ Label Distribu-
tion LD. The LD and sentences’ Loss Matrix LM, mea-
sured by i-th model ®; and B;, are utilized to construct the
Masked Matrix M M by Hadamard product. The average
loss eg ; over M M at e-th epoch in t-th communication
round reflects the significance of B;. Comparing the local

statistics, QE:;; and 6253’ with the global thresholds &(*~1)

and QU1 from the last communication, the data partition
method can divide B; into either normal D; ny or prime
subset D(; py, where:

G} B o, o)
— 2 2,
SRRy
[ e 7
Ca} B ni o)

_ g (4,5)
SHHIH-

2



Multi-knowledge Local Training

For the lack of knowledge problem caused by data scarcity,
FedSum maximizes data efficiency by mining diversified
knowledge from three aspects: data, hidden space, and re-
ceived parameters. For better-exploring data, FedSum ex-
tends the standard local training with the Data skip mech-
anism to discard partial normal samples, promoting the
model further focus on the prime samples. To extract knowl-
edge from hidden space, FedSum takes the divergence be-
tween local and global prototypes as regularization con-
straints to promote the generalization and discrimination of
feature representation. Mining the missing semantic knowl-
edge from globally received parameters, FedSum takes the
semantic portrait distances as a guideline to train the repre-
sentation model with perturbed classification heads.

Data knowledge and Data skip mechanism. Since the
proportion of normal samples is more than the proportion of
prime, it’s common for the model to ignore those prime data,
threatening the generalization (Kawaguchi and Lu 2020;
Xing, Xiao, and Carenini 2021). To improve performance,
a common solution in ML studies is to discard normal data
(Mindermann et al. 2022; Kaddour et al. 2024). Due to
data scarcity, FedSum does not discard all normal samples
to avoid exacerbating degradation. Instead, we propose the
Data skip mechanism to skip normal samples according to
the skipping probability p(; ;) which increases with training
progress. As the training progresses, the summarizer will
tend to learn more normal patterns than the prime. To en-
hance the generalization, we skip partial normal samples at
the later stage, so that the summarizer can more focus on
the samples with greater guidance value. Given j-th batch
B; from i-th client belongs to normal subset D(; v, the

skipping probability p(; jy = ; S5 TL is determined by
the progress in communication, epoch, and local update.
Randomly sampling p from uniform distribution U (0, 1), if

p< P(i,5)» the B; be skipped and Lg,t, = 0. Otherwise, the

B; be retained and Lgq1q = ZZ(J;) > 7“10(9“‘”[0] v)

Proto. knowledge. To extract knowledge from hidden
space, we take the prototype as the carrier. Following the
definition of the class prototype presented in literature (Tan
et al. 2022; Chen et al. 2020, 2023b), we denote the class &

prototype of D(; py in ¢-th communication round as P((fct)),

which take the average over hidden representation of sen-
tences belong to class £ € {0 1}'

D, r)

Z Z (¢>s=§)’

{d,[¢1,,¢s]} 5= 1

where n o) = Zd @55 (¢ =€), and 1(-) denote
the 1nd1cat0r function. Extending the concept of class proto-

(ed) _
Pliey =

type, we measure the prediction prototype P(( )) by the av-

erage over the hidden representation, in which the soft pre-
dictions of these representations are predicted as class &:

Da.ry s
1(ds =¢
> 3 AR e,

(i.p)

P(f t)
(i,p)

“
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where ﬁfi’p) = ZdD“’F) Zf,:l 1(¢s = €). Leveraging these
prototypes, we build the prototype loss Ly, with two terms.
One term aims to mitigate representation differences be-
tween the local and global prototypes, improving the gener-
alization of features. Another aims to discriminate features,
promoting the model to fit better decision boundaries:

£e{0,1}
Lyo= Y [IP&=D = PED)—|

Generalizable

(L) pl0)
P P,

(i.p) l2,

Discriminative

®)
where PV is ageregated as P&V = S {0} i
PEY  After prototype measurement, each client can con-

(3,0) *
struct their semantic portrait S P; by concatenating class pro-

totypes:

SP;, = Concat(P(.O’t*l) P(,l’t)fl)).

(i,¢) * 7 (d,c (6)
The semantic portrait of each participant will be uploaded
under privacy constrain, and utilized to maintain the Portrait
Distance Table (PDT) by measuring the L2 distance between
each portrait and scaling by tanh function in the FL server,
where the PDT can be initialized randomly or according to
the initial semantic portrait provided by clients.

Param. knowledge. The semantic knowledge contained
in the local model is closely related to the client’s data dis-
tribution. Different models might have different semantic
knowledge deficiencies in practice. To fix the semantic defi-
ciencies in the local model, FedSum extract knowledge from
received parameters. FedSum uses PDT to guide the mining
process about received parameters and build the parameter
lost Ly, due to nature of PDT in intuitively reflecting the
degree of semantic gap between different clients. Besides,
to avoid catastrophic forgetting and protect privacy, the re-
ceived classification modules are perturbated by Bernoulli
noise controlled by hyperparameter - in advance on server.
For measuring L,,,, we feed the representation of data
batch H; to the received p-th client’s classification modules

&),(,tfl), then weights the training loss with ¢, = PDT[i][p]:

=G ZZ

Experiments
Experimental Setup

Baselines and Measurement. We investigate the mile-
stone model, BERTSUM, in FL experiments. Several rep-
resentative algorithms are adopted as baselines: FedAvg
(McMahan et al. 2017), FedProx (Li et al. 2020b), SCAF-
FOLD (Karimireddy et al. 2020), FedNova (Wang et al.
2020), FedProto (Tan et al. 2022), and FedDC (Kamp, Fis-
cher, and Vreeken 2021). To observe the effect of global ag-
gregation, we also adopt the Separate method, where each
client only trains their model locally. To measure the quality

oy Y, Hy), LD)[b][c]
B

)



of the output summary, we apply the commonly used overlap
metric ROUGE (Lin 2004). The ROUGE-F1 and ROUGE-
Recall metrics are uniformly denoted as R-F(1/2/L) and R-
R(1/2/L) respectively. We report the most optimal testing
records (with better R-R-1 values) among different commu-
nication rounds for each algorithm. Since the performance
fluctuation caused by various random factors is inevitable,
we report the average of the results over 3 repeated experi-
ments to avoid unfair comparison in practice.

Datasets and Distributions. We built different test beds
on common benchmark datasets, such as CNN/Daily-
Mail (Nallapati, Zhai, and Zhou 2017), WikiHow(Koupaee
and Wang 2018), Reddit(Kim, Kim, and Kim 2019), and
PubMed(Cohan et al. 2018). To simulate the data scarcity
scenarios, only 2K training samples can be accessed by the
FL system. To simulate the non-IID setting, we construct
the quantity skew following (Li et al. 2022; Cai et al. 2023a)
and control the heterogeneity levels through Dir. Smaller
Dir indicates a more imbalanced scenario about clients’
data quantity, and Dir = +o0 represents the uniform case.

Experiment Result

We summarize the main experimental results in Tables 1 to
2. Due to the limitation of pages, we report the experimental
results of two datasets in the main body. More detailed re-
sults about four datasets are supplemented in the Appendix.

Overall, FedSum obtains significant improvement in per-

Data Heterogeneity
R-F(1/2/L) R-R(1/2/L)
32.21/11.52/25.38| 39.7/14.8/31.35

CNNDM

Separate

FedAvg

34.11/12.87/27.17

42.8/16.92/34.15

FedProx

35.32/13.85/28.44

44.64/18.38/35.99

Scaffold

30.96/10.33/24.13

37.76/13.13/29.5

FedDC

32.91/11.87/25.98

40.82/15.43/32.29

FedNova

33.39/12.47/26.48

41.23/16.07/32.77

FedProto

31.04/10.54/24.18

37.72/13.34/29.47

FedSum

35.71/14.18/28.69

44.98/18.74/36.2

Table 1: Experimental results of different algorithms under
the data heterogeneous setting (Dir = 0.1) on CNNDM.

PubMed

Data Heterogeneity

R-F(1/2/L)

R-R(1/2/L)

Separate

31.01/10.76/27.8

32.73/11.13/29.32

FedAvg

31.1/10.81/27.9

32.85/11.18/29.44

FedProx

31.29/11.0/28.07

33.05/11.38/29.63

Scaffold

31.08/10.79/27.87

32.83/11.19/29.42

FedDC

31.08/10.79/27.87

32.83/11.19/29.42

FedNova

30.76/10.51/27.55

32.43/10.86/29.01

FedProto

30.72/10.41/27.51

32.41/10.75/28.99

FedSum

31.48/11.2/28.26

33.3/11.62/29.86

Table 2: Experimental results of different algorithms under
the data heterogeneous setting (Dir = 0.1) on PubMed.

formance over baselines. The most obvious improvements
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compared to FedAvg are 1.6%/1.31%/1.52% in R-F and
2.18%/1.82%/2.05% in R-R on CNNM. Under data hetero-
geneity, comparing FedSum with the optimal baseline, there
exists 0.15% total improvement at least, and 29.9% total im-
provement at most over ROUGE metrics on two datasets.
These results demonstrate the effectiveness of FedSum.

Generalization for heterogeneous condition. A ROUGE
comparison under different heterogeneous levels is summa-
rized in Table 3. The performance of FedSum fluctuates
slightly (< 2.6% on CNNDM) as Dir increases. When Dir
is 8, the FedSum ranks second with small gaps from the
highest (< 1.5%), verifying the generalization of FedSum
under different heterogeneous.

R-R(1/2T)
CNNDM Dir =01 Dir =05
Separate | 39.7/14.8/3135 | 41.56/16.05/33.02
FedAvg | 42.8/16.92/34.15 | 40.81/15.75/32.39
FedProx | 44.64/18.38/35.99 | 38.36/13.33/29.96
Scaffold | 37.76/13.13/295 | 39.76/14.85/31 4
FedDC | 40.82/15.43/32.29 | 38.17/13.3/29.82
FedNova | 41.23/16.07/32.77 | 38.48/13.34/29.02
FedProto | 37.72/13.34729.47 | 37.8/13.38/29.53
FedSum | 44.98/18.74/362 | 42.3/16.59/33.71
Dir=1 Dir =8
Separate | 39.34/14.43/31.0 | 37.53/12.99/29.23
FedAve | 41.62/16.15/33.07 | 42.66/17.07/34.17
FedProx | 42.3/16.5/33.7 | 42.95/17.13/34.35
Scaffold | 39.47/14.6431.21 | 41.93/16,5/33.51
FedDC | 42.61/16.94/33.99 | 45.63/19.17/36.86
FedNova | 40.57/15.53/32.13 | 41.41/16.19/32.93
FedProto | 37.62/13.22/29.37 | 37.84/13.42/29.59
FedSum | 44.68/18.4/35.96 | 44.42/18.01/35.62

Table 3: Experimental results with different heterogeneous
settings on CNNDM. In general, the performance of Fed-
Sum outperforms baselines in most heterogeneous cases.

Robustness to leading bias. To verify the efficacy of tack-
ling the degeneration caused by leading bias, we compare
the position of the exacted sentences in the summaries gen-
erated between FedSum, FedAvg, and Oracle, following the
setting of Liu and Lapata (2019), where the Oracle stands
for the ground-true summaries. As shown in Fig. 3, the dis-
tribution of the extracted proportion about FedSum is more
similar to the same of Oracle than FedAvg. The extracted
result of FedAvg contains more leading bias than FedSum,
shown by a more right-skewed histogram for FedSum.

Scalability in data quantity. To explore the scalability of
FedSum under varying degrees of data scarcity over the FL.
system, the performance trends of FedSum and FedAvg with
different data quantities are illustrated in Fig. 4. Generally,
the performance of FedSum becomes better as the data quan-
tity enlarges, demonstrating the scalability in data quantity.

Effect of \. Hyperparameter A controls how tolerable the
Data Partition method is to data leading bias. Smaller A leads
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Figure 3: The proportion of extracted sentences according to
their position in the original document. Measuring FedSum
and FedAvg in the total absolute deviation to Oracle, the de-
viation of FedAvg is around 69.31% higher than FedSum.
and 15.91% in PubMed.
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NDM. The ROUGE is optimal when A equals around 0.5.
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to smaller ng;)) for looser restrictions. We adjust A in het-
erogeneity and uniform scenarios on CNNDM, as shown in
Fig. 5. As )\ increases from 0.3 to 0.6, the restrictions on
leading bias become stronger, and ROUGE go better. When
A over 0.6, the restrictions of leading bias in dataset are too
strict and cause degeneration. The above results demonstrate
the efficacy in mitigating the negative effect of leading bias.

Ablation. To evaluate the effect of two extensions, we take
FedAvg as the reference and measure the improvement of
our methods, as shown in Table 4. For depth extensions,
our method obtains at least 1.01% improvement in all met-
rics. With depth and breadth extension, FedSum exhibits a
more obvious improvement, which shows 1.31% at least and
2.18% at most, showing the superiority of two extensions.

CNNDM | Data Heterogeneity Improvement
FedAvg R-F |34.11/12.87/27.17 -/-I-
R-R | 42.8/16.92/34.15 -/-I-
+ Depth | R-F | 35.21/13.88/28.4 | +1.1/+1.01/+1.23
Extension | R-R [44.42/18.35/35.86|+1.62/+1.43/+1.71
+Two |R-F |35.71/14.18/28.69 | +1.6/+1.31/+1.52
Extensions | R-R | 44.98/18.74/36.2 | +2.18/+1.82/+2.05

Table 4: Performances of FedAvg with depth and breadth ex-
tensions in heterogeneity setting (Dir = 0.1) on CNNDM.

Conclusion and Limitation

In this paper, we explore the text summarization task in FL,
which is more realistic and private than related methods built
upon the centralized storage. Besides, data scarcity generally
arouses performance degeneration and magnifies the nega-
tive effect of leading bias. To address these challenges, we
propose FedSum to maximize the data efficiency and con-
struct the summarizer. FedSum demonstrates its promising
improvement over baselines on benchmark datasets, while
exhibiting its generalization in tackling the intricacies of
data heterogeneity. We further verify the scalability of Fed-
Sum with various data quantities and the efficacy in mitigat-
ing the negative effect of data bias. Future investigations can
build from this foundation to examine other capabilities of
the model under data scarcity FL, like stability and fairness.
Further experiments are needed to verify the adaptabil-
ity of our framework for other NLP tasks(e.g. machine
translation and sentiment analysis). Besides, our evaluation
methodology is based on averages across three experimental
runs, which could be enhanced through more rigorous sta-
tistical analysis. We leave these jobs for our future work.
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