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Abstract

Recent research in federated large language
models (LLMs) has primarily focused on
enabling clients to fine-tune their locally de-
ployed homogeneous LLMs collaboratively or
on transferring knowledge from server-based
LLMs to small language models (SLMs) at
downstream clients. However, a significant
gap remains in the simultaneous mutual
enhancement of both the server’s LLM and
clients’ SLMs. To bridge this gap, we propose
FedMKT, a parameter-efficient federated
mutual knowledge transfer framework for
large and small language models.  This
framework is designed to adaptively transfer
knowledge from the server’s LLM to clients’
SLMs while concurrently enhancing the LLM
with clients’ unique domain insights. We
facilitate token alignment using minimum edit
distance (MinED) and then selective mutual
knowledge transfer between client-side SLMs
and a server-side LLM, aiming to collectively
enhance their performance. Through extensive
experiments across three distinct scenarios,
we evaluate the effectiveness of FedMKT
by utilizing diverse public LLMs and SLMs
on a variety of NLP text generation tasks.
Empirical results demonstrate that FedMKT
simultaneously boosts the performance
of both LLMs and SLMs. Our code has
been contributed to the FATE open-source
project and is now publicly accessible at
https:// github.com/FederatedAl/ FATE- LLM/
tree/main/python/fate_llm/algo/fedmkt

1 Introduction

The emergence of Large Language Models (LLMs)
has marked a revolutionary shift in artificial intelli-
gence, significantly transforming our understand-
ing of natural language processing capabilities. The
advent of cutting-edge LLMs like ChatGPT (Ope-
nAl, 2022), Gemma2 (Team et al., 2024), and
LLaMa2 (Touvron et al., 2023) with their billions
of parameters, has sparked the imagination of both

researchers and practitioners, owing to their ex-
ceptional performance across diverse text gener-
ation tasks. Despite their widespread success in
various general NLP tasks, LLMs face challenges
that hinder their adoption in domain-specific ap-
plications (Kang et al., 2023; Fan et al., 2023,
2024b). The primary challenges include domain-
specific knowledge Privacy, constrained computing
resources, and mutual knowledge transfer between
the LLM and SLMs. A significant challenge arises
from the inherent model heterogeneity between the
LLM and SLMs, particularly when aligning distri-
butions of output logits. The mismatch between
the tokenizers of different LLM and SLMs poses
a notable obstacle. Furthermore, the mutual trans-
fer of knowledge between the server’s LLM and
clients’ SLMs remains a largely unexplored area
in academic literature, warranting further investiga-
tion.

To fill these gaps, we propose FedMKT, a novel
federated mutual knowledge transfer framework
designed to improve the performance of both large
and small language models. By leveraging the
complementary strengths of federated learning and
knowledge distillation, FedMKT facilitates effec-
tive mutual knowledge transfer between clients’
SLMs and the LLM owned by the server.

As illustrated in Figure 1, FedMKT deploys an
LLM on the server and a set of K heterogeneous
SLMs across various clients. The cornerstone of
FedMKT lies in its selective mutual knowledge
transfer process. During each round of federated
learning, the clients transmit the output logits of
their updated SLMs on the public dataset to the
server. Subsequently, the server selectively aggre-
gates and extracts the knowledge encoded within
these SLMs output logits into the server-side LLM.
This process allows the server LLM to incorpo-
rate the domain-specific knowledge learned by the
clients, thereby enhancing its comprehensive ca-
pabilities. Simultaneously, the server-side LLM
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also selectively distills its knowledge to the clients’
SLMs, which is similar to the knowledge transfer
from clients to the server. By leveraging the knowl-
edge of the server LLM, the clients’ SLMs are able
to improve their performance and generalize better
to unseen data. To address the model heterogeneity
between the LLM and SLMs, FedMKT incorpo-
rates a token alignment technique utilizing mini-
mum edit distance (MinED) prior to knowledge
transfer. This alignment ensures seamless integra-
tion and efficient knowledge transfer between LLM
and SLMs.
Our contributions are summarized as follows:

* Federated Mutual Knowledge Transfer
Framework. FedMKT introduces a novel
federated mutual knowledge transfer frame-
work that enables effective knowledge trans-
fer between an LLM deployed on the server
and SLMs residing on clients. This frame-
work fills the gap by simultaneously enhanc-
ing both the server’s LLM and the clients’
SLMs. Our work is tailored for text gener-
ation tasks within the context of LLMs and
supports both Heterogeneous and Homoge-
neous scenarios between client SLMs. To our
best knowledge, our work is the first published
research in this field.

* Selective Knowledge Transfer and Token
Alignment. FedMKT implements a selec-
tive knowledge transfer mechanism that se-
lectively distills knowledge from the most
informative SLMs to the server’s LLM and
vice versa. Furthermore, it incorporates a to-
ken alignment technique using minimum edit
distance (MinED) to address model hetero-
geneity between LLM and SLMs, ensuring
efficient knowledge transfer.

* Empirical Evaluation and Performance
Enhancement. Extensive experiments con-
ducted based on various publicly available
LLMs and SLMs, have shown that FedMKT
exhibits competitive performance across a
broad spectrum of NLP text-generation tasks.
We evaluate FedMKT with Heterogeneous,
Homogeneous, and One-to-One settings. The
results show that the performance of SLMs
can be significantly enhanced with the help
of the LLM, while the LLM can deliver com-
parable results to fine-tuning with all clients’
data centralized.

2 Related Work

2.1 Model Heterogeneous Federated Learning

Model heterogeneous federated learning (MHFL)
aims to address the challenges associated with het-
erogeneity in federated learning (FL) (Yang et al.,
2019; McMahan et al., 2017; Liu et al., 2021;
Cheng et al., 2021; Fan et al., 2024a). Initial re-
search in MHFL primarily concentrated on address-
ing heterogeneity in model architectures. Several
methods have been introduced to accommodate
clients with different model architectures partici-
pating in a federated learning task. These methods
typically involve techniques such as knowledge dis-
tillation (Hinton et al., 2015), mutual learning and
split learning that can handle heterogeneous mod-
els. Knowledge distillation-based MHFL meth-
ods, such as FedMD (Li and Wang, 2019) and
FedET (Cho et al., 2022), involve the server ag-
gregating the output logits of different clients’ het-
erogeneous models on a public dataset to construct
global logits. Mutual learning-based MHFL, such
as Deep Mutual Learning (DML) (Zhang et al.,
2018), PFML (Yang et al., 2021) and FedLoRA (Yi
et al., 2023), design a small homogeneous model
and a large heterogeneous model in each client.
Split learning-based MHFL approaches, such as
FedClassAvg (Jang et al., 2022) and CHFL (Liu
et al., 2022), share a homogeneous classifier to im-
prove model classification while personalizing the
local feature extractor.

2.2 Federated Learning for LLMs

Parameter-Efficient Fine-Tuning (PEFT) methods
(Houlsby et al., 2019; He et al., 2021; Lester et al.,
2021; Li and Liang, 2021; Hu et al., 2021) offer
a direct solution to the issues of communication
overhead and fine-tuning costs in federated learn-
ing (FL) for LLMs. A number of studies have built
upon PEFT methods in the context of FL for LLMs,
including FedPETuning (Zhang et al., 2022b), Fed-
erated Adapter Tuning (Cai et al., 2022), Federated
Prompt Tuning (Zhao et al., 2022), and FATE-LLM
(Fan et al., 2023, 2024c¢). These findings indicate
that FL clients, especially those with constrained
computing and storage resources such as certain de-
vices, can significantly profit from from PEFT ap-
proaches. These techniques facilitate the sharing of
LLMs across diverse tasks, while necessitating the
storage and updating of only a small number of pa-
rameters for each task, thereby reducing the overall
computational and storage requirements. By lever-
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Figure 1: Overview of the proposed FedMKT workflow. Each communication round of FedMKT involves 11 steps

to fine-tune the server’ LLM and clients’ SLMs.

aging PEFT methods, FL clients can efficiently
adapt LLMs to their specific needs while minimiz-
ing communication overhead and fine-tuning costs.

3 The Proposed FedMKT Method

In this section, we introduce FedMKT, an inno-
vative and parameter-efficient federated mutual
knowledge transfer approach for large and small
language models. The FedMKT primarily com-
prises two key modules: Bidirectional Token Align-
ment and Selective Mutual Knowledge Transfer.
We will elaborate on these two key modules in
Section 3.2 and Section 3.3, respectively after we
define the problem we try to address in Section 3.1.

3.1 Problem Definition

We consider the federated learning setting, involv-
ing one server that owns an LLM f,, parameterized
by ¢ and K clients that each client k£ has an SLM
94, parameterized by ¢;. Each client owns a local
private dataset denoted as Dy, containing N train-
ing samples, and all clients and server have access
to a shared public dataset D,,.

The server and clients aim to collaboratively
enhance the performance of the LLM and SLMs
through federated learning without disclosing any
private data. We assume that the K clients exe-
cute the same text generation task, but they may
hold heterogeneous or homogeneous SLM models.
The collaboration between clients and the server
involves the following sub-procedures:

* Each client k trains its SLM g4, using its pri-

245

vate data Dy. The objective is formulated as
follows:
min - L1(¢1, ¢2, ., x5 {Diprzr) (1)
1,02, 0K
Each client computes the output logits on D),
and securely uploads them to the server. Upon
receiving output logits of all clients, the server
computes the distillation loss by comparing
these client logits with the output logits pro-
duced by its own LLM on D,,. The objective
can be formulated as follows:
IT}[/%H£2(T/1§D1;7¢17¢27-~-7¢K) (2)
The server aims to transfer knowledge from
the clients” SLMs g4, to its owned LLM f,.

The server dispatches the LLM’s output log-
its on D,, to all the clients. Subsequently, the
clients compute the distillation loss by com-
paring LLM output logits with SLMs’ output
logits on D,,. The objective can be formulated
as follows:

min

D102, dE ’C3(¢17¢27"'7¢K;Dp,¢) (3)

The clients aim to transfer knowledge from
LLM f,, to enhance their SLMs.

We consider the server semi-honest, meaning
that the server may try to recover the private data
of clients from the information it observes.



FedMKT solves the optimization problems for-
mulated in Eq.(1), Eq.(2), and Eq.(3) in an efficient
and privacy-preserving manner. We illustrate the
workflow of FedMKT in Figure 1 and Appendix A,
elaborate on the associated training algorithm in
Algorithm 1.

Algorithm 1 FedMKT

Input:

1: K: number of clients;

2: T': total number of communication rounds;

3: R: local number of rounds in the server;

4: E: local number of rounds in the client;

5: 1: the learning rate of LLM fy, ;

6: 1y: the learning rate of SLM gy, 19, .
Output: fyiw. 9p14+61:92+0229px+0x -

7. // Server side:

8: for ¢ in communication round 7" do

9: {Sk}E | + ClientUpdatel (t).
10: Token Alignment from SLMs to LLM.
11: So + DualMinCE(D,, fy .+, {Sk}—1)-

12: // knowledge transfer based on D, and Sp.
13: for each epoch r € [R] do

14: whrt Wb — 1, 7 Lo

15: end for

16: Wit = Wb,

17: Compute S = {I§, pi } ¥, based on D,,.
18: ClientUpdate2(t, Sy).

19: end for

20:

21: ClientUpdatel(?):

22: for each client k (in parallel) do

23: /I 1ocal fine-tuning based on Dy.
24: for each local epoch e € [E] do
25: 0,1 07 — g 7 Lra.

26: end for

27: Compute Sy, = {Ii,pt }I¥, based on D,.
28: end for

29: Upload {Si}X | to the server

30:

31: ClientUpdate2(t, Sp):

32: for each client k (in parallel) do

33: Token Alignment from LLM to SLMs.
34: Sk — DualMlnCE( D> Gpr+05 > So).

35: // knowledge transfer based on D,, and 6:;
36: for each local epoch e € [E,2E] do

37: 0T 01° — g 7 L.

38: end for

30: g =92

40: end for

Algorithm 2 DualMinCE

Input:
1: D,: the public dataset;
2: h: either the SLM gy, 14, of client k or the
LLM fy ., of the server;
3 Sk = {(I&,pi)}N |,k = 0or [K]: loss-logit
pairs passed from either the server or clients.
Output: S.
4 S {} > initialize an empty set of selective
knowledge.
5: for each 2 in D, do

6: lfocal — h(xz)
argmin (I1), ifk=[K
. e KT
0, ifk=0
8: S S+ (@ pl) if L. <l .
9: end for

3.2 Bidirectional Token Alignment

A significant challenge in aligning output logits
distributions lies in the mismatch between tokeniz-
ers of different LLM and SLMs, exemplified by
Bloom and LLaMa. Consider the sentence, "we
utilize the dynamic programming approach to align
tokens" as an example. Utilizing the Bloom tok-
enizer would segment it into the following tokens:
['we’, ’utilize’, ’the, ’dynamic, ’programming,’
“approach,” ’to,” ’align,” ’tokens’]. However, if
the LLaMa tokenizer were used, the segmentation
would be: ['we’, "util’, ’ize’, "the’, ’dynamic’, pro-
gramming’, "approach’, ’to’, ’align’, "tokens’].

To tackle this issue, we adopt dynamic program-
ming techniques to promote robust alignment, as
evidenced in studies (Wan et al., 2024; Fu et al.,
2023). Utilizing LLaMa2 and Bloom as illustra-
tive examples, we establish an optimized vocab-
ulary mapping table based on minimum edit dis-
tance(MinED). This mapping table identifies the
closest Bloom token for each LLaMa?2 token (e.g.,
“utilize’ for ’util’). We then tokenize a sentence us-
ing both tokenizers and apply a dynamic program-
ming algorithm to determine the optimal matching
path. When multiple LLaMa?2 tokens align to a sin-
gle Bloom token (e.g., ’util’ and ’ize’ aligning to
‘utilize’), we handle them according to the mapping
table. Please see Appendix B for further details.

In FedMKT, a bidirectional token alignment pro-
cess occurs before knowledge transfer between
LLMs and SLMs. One the one hand, when clients
transfer knowledge from their SLMs to the server’s
LLM, the server aligns SLM tokens to LLM tokens.
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On the other hand, when the server transfers knowl-
edge from its LLM back to clients’ SLMs, each
client aligns LLM tokens to its SLM tokens.

3.3 Selective Mutual Knowledge Transfer
Between LLM and SLMs

To transfer knowledge between the server and
clients efficiently, we leverage LoRA to fine-tune
the server’s LLM and clients’ SLMs. Specifi-
cally, each client k inserts a small low-rank adapter
parameterized by 6, into its local SLM. We de-
note client k£ local SLM with the added 6, as
9, +6,- Likewise, the server inserts a small low-
rank adapter parameterized by w into its LLM f.
We denote the server’s LLM f,, with the added
w as fy4. During the whole federated learning
training process, 0y, k = 1, ..., K and w are trained,
while ¢y, k =1, ..., K and v are frozen.

Before transferring knowledge to the server, each
client k trains its LoRA adapter 0}, using its private
dataset Dj. Consequently, Eq.(1) can be reformu-
lated as follows:

L1(61,09, ..., 0k; {Dp )

1 & @)
K > B y)nny f1a (96, (2), y)
k=1

where fta is the task loss for training 6 of each
client k. The original model parameter ¢, of client
k’s SLM is frozen during training.

Then, both the server and clients fine-tune their
LoRA adapters based on a shared public dataset
D,. We formulate the losses of fine-tuning fy .,

and g¢, 14, (denoted as E‘{;T and L¥;) as follows:

LEr(@;Dy) = B gy, ben(fural(@),y) ()
L3 (0k; Dp) = Eay)~p, leE (910, (%), Y)

(6)
where /cp represents the cross-entropy loss, and
the model parameters ¥ and ¢y, are frozen during
fine-tuning.

Next, the server and clients conduct selective
knowledge transfer to each other. The motivation
for applying selective knowledge transfer is that
some clients’ knowledge may adversely affect the
performance of LLM on the server and vice versa
in a heterogeneous environment. Therefore, it is
critical to guarantee that the knowledge exchanged
between the server and clients is positive to the
performance of LLM and SLMs. To achieve this
goal, we propose a selective knowledge transfer

strategy on both the server and client sides, termed
DualMinCE.

DualMinCE aims to select knowledge that is
positive to the performance of the server’s LLM
from clients and vice versa. Specifically, when
knowledge needs to be transferred from SLMs to
the LLM, each client £ computes a knowledge
set S, = {I¢,pi } | consisting of loss-logit pairs
through its local model based on the public dataset
D,. Then, all K clients send their {Sy.} X, to the
server. By leveraging DualMinCE (see Algorithm
2 for detail), the server picks a logit p};* with the
smallest loss from {I},p} }/<; and adds Pl toa
selective knowledge set Sy if the loss [} of pj.. is
smaller than the loss lliocal computed through the
server’s local LLM based on z* for each z* in D,.

Next, the server leverages the knowledge distil-
lation loss, denoted as EIJ;D, to fine-tune fy 4

Lhp(wiS0) =B, ) g ler(forw(@),p) (D)

Likewise, each client k leverages DualMinCE
to form its selective knowledge set S, from the
knowledge Sy sent from the server. Each client &
leverages the following knowledge distillation loss
to fine-tune its local model gy, 10, :

Lo (Ok; Sk) =E(, )5, Lce (96,46, (1), )
3
Combining Eq.(5) and Eq.(7), we reformulate
the knowledge transfer from SLMs to LLM con-
ducted on the server to enhance LLM as follows:

Ly = MCLe+ (1= N Ll )

Combining Eq.(6) and Eq.(8), we reformulate
the knowledge transfer from LLM to SLMs con-
ducted on the clients to enhance SLMs as follows:

1K
L3 = % Z()“C’lg:T + (1= N Lip)
k=1

(10)

where A is the hyperparameter that regulates the
significance of mutual knowledge transfer.

4 Experiments

4.1 Setup

We set up a federated learning scenario involving
four clients and one server to evaluate the FedMKT
using various publicly available LLMs and SLMs.

Models. We evaluate FedMKT on one LLM
(LLaMa2-7B (Touvron et al., 2023)) in the server,
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Setting Server Client-1 Client-2 Client-3 Client-4
Heterogeneous | LL.aMa2- 7B | GPT-2-xlarge(1.5B) | OPT-1.3B Bloom-1.1B |LLaMa2-1.3B
Homogeneous | LLaMa2- 7B LLaMa2-1.3B LLaMa2-1.3B | LLaMa2-1.3B | LLaMa2-1.3B
Homogeneous | LLaMa2- 7B OPT-1.3B OPT-1.3B OPT-1.3B OPT-1.3B

One-to-One |LLaMa2- 7B - - - LLaMa2-1.3B
One-to-One |LLaMa2- 7B - OPT-1.3B - -
Table 1: The five different settings we utilize to evaluate FedMKT.
Task Method GPT-2-xlarge OPT-1.3B Bloom-1.1B LLaMa2-1.3B LLaMa2-7B

Centralized - - - - 85.9

RTE Zero-Shot 524 52.7 52.7 49.8 63.2
Standalone 65.7 62.5 58.1 55.6 -

FedMKT 70.4 65.7 61.7 58.8 82.3

Centralized - - - - 70.4

WIC Zero-Shot 49.8 50.8 50 50 50.3
Standalone 59.3 52.2 59.1 50.6 -

FedMKT 63.2 62.2 61.1 51.9 61.3

Centralized - - - - 87.6

BoolQ Zero-Shot 61.3 58.4 59.0 61.0 70.1
Standalone 71.1 74.1 69.7 69.9 -

FedMKT 75.1 76.8 71.4 75.1 85.0

Centralized - - - - 69.5

COA Zero-Shot 36.7 419 33.8 30.1 39.5
Standalone 56.0 58.6 44.7 56.7 -

FedMKT 58.3 60.5 50.8 57.0 71.8

Centralized - - - - 76.9

Zero-Shot 58.3 57.0 51.5 53.1 69.3
ARC-E Standalone 59.3 57.9 56.9 60.4 -

FedMKT 59.8 59.6 57.5 60.8 76.1

Centralized - - - - 48.9

Zero-Shot 25.0 234 23.6 26.7 40.0
ARC-C g andalone 28.2 28.4 24.9 28.5 -

FedMKT 30.2 294 26.6 30.0 44.7

Centralized - - - - 49.3

S-NI Zero-Shot 5.0 5.2 5.1 5.8 12.0
Standalone 27.9 26.1 10.6 334 -

FedMKT 34.2 36.0 15.1 37.3 41.4

Centralized - - - - 27.7

DialogSum Zero-Shot 54 6.4 49 5.7 8.5
Standalone 22.3 19.8 13.2 214 -

FedMKT 23.2 20.9 14.9 21.6 24.2

Table 2: Method Performance Comparison in the Heterogeneous setting. We evaluate FedMKT with 8 different
tasks. In all the 8 tasks, the server is deployed with a LLaMa2-7B model, and the 4 clients are deployed with a
GPT-2-xlarge, a OPT-1.3B, a Bloom-1.1B, and a LLaMa2-1.3B, respectively. The ’-’ indicates a method does not

apply to the corresponding participant (either the server or the client).

four SLMs in the clients including GPT-2-xlarge
(1.5B) (Radford et al., 2019), OPT-1.3B (Zhang
et al., 2022a), Bloom-1.1B (Scao et al., 2022) and

LLaMa2-1.3B (Xia et al., 2023). In our exper-
iments, we evaluate our framework in three dis-
tinct scenarios: Heterogeneous, Homogeneous
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and One-to-One. Table 1 details the setup for the
LLM and SLMs in different settings.

Datasets. We evaluate FedMKT on 6 QA
datasets and 2 instruction-following datasets.
Specifically, for QA tasks, we use RTE (Wang et al.,
2019), WTC (Wang et al., 2019), BoolQ (Clark
et al., 2019), CQA (Talmor et al., 2018), ARC-
E and ARC-C (Clark et al., 2018) to evaluate
FedMKT. As for instruction-following tasks, we
evaluate FedMKT on S-NI (Wang et al., 2022),
DialogSum (Chen et al., 2021).

Baselines. We conduct a comparative analysis
of FedMKT against the following baselines:

¢ Centralized, in which the server’s LLM is fine-
tuned locally using the datasets combining pri-
vate datasets of involved clients and the public
dataset. In the One-to-One setting, the data
of one client and the public data are used to
fine-tune the server’s LLM, whereas in other
settings, the data of all four clients and the
public data are utilized to fine-tune the LLM;

» Zero-Shot, representing the zero-shot capabil-
ities of LLM or SLMs (without fine-tuning);

¢ Standalone, where each client fine-tunes its
own SLM independently using its private
dataset;

* FedAvg(McMabhan et al., 2017), representing
the standard federated averaging algorithm.
FedAvg is only used in homogeneous settings
because it requires all clients’ models have the
same architecture.

o LLM2SLM, representing FedMKT involving
one server with an LLM and one client with
an SLM. The LLM is not updated and is used
to transfer knowledge to SLM. LLM2SI.M is
only used in the One-to-One setting.

Evaluation Metrics. For the QA datasets, we
primarily use Accuracy as the metric for evalua-
tion, whereas for the instruction-following datasets,
we primarily rely on Rouge-L. It’s worth noting
that in our experiments, all methods across the
three scenarios undergo zero-shot evaluation, and
we utilize the Im-evaluation-harness package(Gao
et al., 2023) for evaluation purposes.

4.2 [Evaluation on Heterogeneous Setting

In the Heterogeneous setting, the server is deployed
with a LLaMa2-7B model, and the 4 clients are de-

ployed with a GPT-2-xlarge, a OPT-1.3B, a Bloom-
1.1B, and a LLLaMa2-1.3B, respectively. Table 2
reports the performance comparisons of FedMKT
against baselines on 8 tasks.

Tables 2 show that FedMKT performs supe-
rior over Zero-Shot and Standalone on all clients’
SLMs. Take the RTE dataset as an example,
FedMKT outperforms Zero-Shot by 34% and Stan-
dalone by 7% in relative terms on the GPT-2-
xlarge SLM; FedMKT surpasses Zero-Shot by 25%
and Standalone by 5% on the OPT-1.3B SLM,;
FedMKT-SLM achieves a 17% improvement over
Zero-Shot and a 6% improvement over Standalone
on the Bloom-1.1B SLM; FedMKT-SLM outper-
forms Zero-Shot by 18% and Standalone by 6% on
the LLaMa2-1.3B SLM. These empirical results
demonstrate that, by leveraging FedMKT, SLMs
are able to effectively leverage the knowledge trans-
ferred from the LLM, leading to enhanced model
capabilities.

Table 2 also shows that FedMKT outperforms
Zero-Shot and Centralized on the LLaMa2-7B
of the server. For instance, on the RTE QA
dataset, FedMKT outperforms Zero-Shot by 30%
and achieves a performance level that is nearly
on par with Centralized, reaching approximately
96% of its fine-tuning performance. This signifi-
cant achievement signifies that FedMKT effectively
facilitates the acquisition of knowledge from all
clients by the server.

4.3 Evaluation on Homogeneous Setting

We conduct experiments with two Homogeneous
settings, as shown in Table 1. The first setting
(denoted as S1) involves one server-side LLaMa?2-
7B and four client-side LL.aMa2-1.3B. The second
setting (denoted as S2) involves one server-side
LLaMa2-7B and four client-side OPT-1.3B.

Table 3 reports the performance comparisons
of FedMKT against baselines in the two Homoge-
neous settings. The top sub-table and the bottom
sub-table compare the performance of FedMKT
against baselines on the server’s LLM and clients’
SLMs, respectively.

The top sub-table of Table 3 shows that FedMKT
significantly outperforms Zero-Shot on the server’s
LLM (i.e., LLaMa2-7B) in the two Homogeneous
settings. It also shows that FedMKT achieves com-
parable performance of the Centralized scenario,
in which the server’ LLM is fine-tuned using all
clients’ data and the public data combined.

The bottom sub-table of Table 3 shows that
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FedMTK performs better than the Zero-Shot, Stan-
dalone, and FedAvg due to the assistance of the
server’s LLM. For example, in the CQA dataset,
FedMKT outperforms FedAvg by 4% in relative
terms on the LLaMa2-1.3 SLM and by 5% on the
OPT-1.3B SLM, respectively.

S1: Server S2: Server

Task | Method |yt .Ma2-7B |LLaMa2-7B
Zero-Shot 39.5 39.5
CQA |Centralized 69.5 69.5
FedMKT 68.8 71.3
Zero-Shot 40.0 40.0
ARC-C| Centralized 494 494
FedMKT 46.2 46.2
Zero-Shot 69.3 69.3
ARC-E | Centralized 75.5 75.5
FedMKT 74.9 74.8

S1: Clients |S2: Clients

Task | Method |yyanMa2-1.3B| OPT-1.3B
Zero-Shot 30.1 41.9
Standalone 56.4 58.1
CQA FedAvg 56.4 58.6
FedMKT 58.6 61.5
Zero-Shot 26.7 23.4
Standalone 304 28.5
ARC-C FedAvg 29.7 28.6
FedMKT 31.7 29.9
Zero-Shot 53.1 57.0
Standalone 60.3 57.9
ARC-E FedAvg 60.6 58.8
FedMKT 61.7 60.1

Table 3: Method Performance Comparison in Homo-
geneous settings. We evaluate FedMKT using two
homogeneous settings. The first setting (denoted as S1)
involves one server-side LLaMa2-7B LLM and four
client-side LLaMa2-1.3B SLMs, while the second set-
ting (denoted as S2) involves one server-side LLaMa2-
7B LLM and four client-side OPT-1.3B SLMs. The
top and bottom sub-tables compare the performance
of FedMKT against baselines on the server’s LLM and
clients” SLMs, respectively. The results reported in the
bottom sub-table are the average of all clients.

4.4 Evaluation on One-to-One Setting

We evaluate FedMKT using two One-to-One set-
tings. The first setting (denoted as S1) involves one
server-side LLLaMa2-7B LLM and one client-side
LLaMa2-1.3B SLM, while the second setting (de-
noted as S2) involves one server-side LL.aMa2-7B
LLM and one client-side OPT-1.3B SLM.

S1: Server | S2: Server

Task | Method |y aMa2-7B|LLaMa2-7B
Zero-Shot 39.5 39.5
CQA |Centralized 69.0 68.3
FedMKT 69.0 71.0
Zero-Shot 40.0 40.0
ARC-C | Centralized 45.9 48.6
FedMKT 45.9 45.8
Zero-Shot 69.3 69.3
ARC-E | Centralized 74.4 73.6
FedMKT 74.8 74.8

S1: Clients |S2: Clients

Task | Method |y aMa2.1.38 | OPT-1.3B
Zero-Shot 30.1 41.9
Standalone 56.7 58.6
CQA LLM2SLM 56.76 59.1
FedMKT 56.84 60.7
Zero-Shot 26.7 234
Standalone 30.3 28.8
ARC-C T asIM 30.1 29.6
FedMKT 30.8 30.4
Zero-Shot 53.1 57.0
Standalone 57.0 57.9
ARC-E LLM2SLM 60.7 58.4
FedMKT 60.8 58.5

Table 4: Method Performance Comparison in One-to-
One settings. We evaluate FedMKT using two one-to-
one settings. The first setting (denoted as S1) involves
one server-side LLaMa2-7B LLM and one client-side
LLaMa2-1.3B SLM, while the second setting (denoted
as S2) involves one server-side LLaMa2-7B LLM and
one client-side OPT-1.3B SLM. The top and bottom sub-
tables compare the performance of FedMKT against
baselines on the server’s LLM and a client’s SLM, re-
spectively.

Table 4 reports the performance comparisons of
FedMKT against baselines in the two One-to-One
settings. The top and bottom sub-tables compare
the performance of FedMKT against baselines on
the server’s LLM and clients’ SLMs, respectively.

The top sub-table of Table 4 shows that FedMKT
notably surpasses Zero-Shot and rivals Central-
ized on the performance of the server’s LLM. The
bottom sub-table of Table 4 shows that FedMTK
achieves superior SLM performance over Zero-
Shot, Standalone, and LLM2SLM due to the as-
sistance of LLM. These empirical results demon-
strate the effectiveness of FedMKT in transferring
knowledge between the LLM and SLMs.
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5 Conclusions

In this study, we have presented FedMKT, a
parameter-efficient federated mutual knowledge
transfer framework tailored for LLMs and SLMs.
FedMKT bridges the gap between the server-side
LLMs and clients’ SLMs, enabling selective mu-
tual knowledge transfer while preserving data
privacy. Through extensive experiments across
three distinct scenarios, we have demonstrated that
FedMKT simultaneously boosts the performance
of both LLMs and SLMs.

Limitations

In this study, we transfer knowledge between the
server and clients using logits of a public dataset,
motivated by efficiency and privacy considerations.
Although empirical evidence suggests that shar-
ing logits of public datasets between the server
and clients is more privacy-preserving than sharing
model gradients or parameters (Li and Wang, 2019;
Cho et al., 2022), there is no theoretical guarantee
that this approach does not compromise the privacy
of clients’ sensitive data. This issue warrants fur-
ther investigation. Additionally, the study does not
address the potential presence of spammer (Zhu
et al., 2012) among clients, which could negatively
impact the performance of LLM in the server and
the SLMs of other clients. Detecting spammers in
the FedMKT setting is identified as an important re-
search direction. Furthermore, our study is limited
by computational and storage constraints, which
preclude the exploration of larger language mod-
els. This highlights the inherent trade-off between
utility and efficiency. Our future research aims to
investigate and optimize this trade-off.
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A  FedMKT Workflow
The workflow of FedMKT is outlined as follows:

1. In the t-th communication round, the K
clients train their respective LoRA adapters
using their private data. This step allows the
clients to adapt their models to their specific
data distributions.

2. After local training, each client k¥ computes a
knowledge set S, = {I¢, pi }IV, consisting of
loss-logit pairs through its local model based
on the public dataset.

3. Each client k upload Sy, to the server.

4. On the server side, token alignment is per-
formed from the SLMs to the LLM, guaran-
teeing compatibility between the SLMs and
the LLM.

5. On the server side, knowledge is selected from
the SLMs to the LLM according to Algorithm
2.

6. On the server side, knowledge is transferred
from the SLMs to the LLM based on the se-
lected knowledge.

7. Once the knowledge transfer from SLMs
to LLM is completed on the server, the
server then computes a knowledge set Sg =
{18, i}, consisting of loss-logit pairs
through LLM based on the public dataset.

8. The server disseminates Sy to all the clients.

9. On the client side, the token alignment flow
reverses, and token alignment is performed
from the LLM to SLMs.

10. On the client side, knowledge is selected from
the LLM to each client SLM according to
Algorithm 2.

11. On the client side, knowledge is transferred
from the LLM to each client SLM based on
the selected knowledge.

B Implementation Details of Token
Alignment

In our work, we engage in a bidirectional token
alignment procedure, encompassing the alignment
of SLM tokens with their corresponding LLM to-
kens, and vice versa. Both alignments adhere to a
similar methodology. Presently, we shall elaborate
on the process of aligning LLM tokens with their
matching SLM tokens. To map the predicted token
logits from the LLaMa2-7B (LLM) model to the
Bloom-1.1B (SLM) model, several steps must be
undertaken. The detailed process is as follows:

1. Building an Optimal Vocabulary Mapping Ta-
ble:

(a) For each token in the LLaMa2 vocabu-
lary, iterate through the Bloom vocabu-
lary.

(b) Use minimum edit distance(MinED) as
a similarity measure to find the closest
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token in the Bloom vocabulary to the to-
ken in the LLLaMa2 vocabulary. The re-
cursion function for MinED in dynamic
programming is elaborated in (Fu et al.,
2023).

(c) If there are multiple token with the same
minimum edit distance, choose the one
with the lexicographically smallest order.

(d) Save this mapping relationship in the op-
timal vocabulary mapping table.

2. Tokenization and Alignment:

(a) Tokenize the sentence "we utilize the dy-
namic programming approach to align to-
kens" using both the LL.aMa2 and Bloom
tokenizers.

(b) To align the two tokenization results and
determine the optimal matching path,
we utilize a dynamic programming al-
gorithm. As an illustration, consider the
tokenization outputs from LLaMa2 and
Bloom. LLaMa2’s tokenization yields:
['we’, "util’, ’ize’, ’the’, ’dynamic’, *pro-
gramming’, *approach’, ’to’, “align’, ’to-
kens’]. In contrast, Bloom’s tokeniza-
tion produces: ['we’, "utilize’, ’the’, *dy-
namic’, ’programming’, ’approach’, ’to’,
“align’, “tokens’]. In this instance, seven
terms from LLaMa?2 align perfectly with
those from Bloom, such as "we" and "dy-
namic". Notably, the LLaMa2 tokens
“util” and ’ize’ collectively map to the sin-
gle Bloom token ’utilize’. In scenarios
where multiple tokens align to one, like
the 2-to-1 case of 'util’ and ’ize’ map-
ping to ’utilize’, we consider ’utilize’ as
a match for ’util’ based on an optimal
vocabulary mapping. Figure 2 illustrates
an example of token alignment between
LLaMa?2 and Bloom.

3. Logits Mapping:

(a) Iterate through each token t¢; in the
Bloom tokenization result.

(b) For each t;, check if it uniquely matches
a token ¢, in the LLaMa2 tokenization
result.

(c) If t; uniquely matches ¢, then for each
token ¢, in the Top-K predicted token of
ts from LLaMa2 and its corresponding
logit logit,: Find the position pos in the

Bloom vocabulary that corresponds to ¢,
using the optimal vocabulary mapping ta-
ble. If pos has not been assigned a value
before, copy logit, to the corresponding
position in the Bloom logits distribution
matrix logit;.

(d) If ¢; does not have a unique match, gen-
erate one-hot logits for ¢;.

4. Processing the Results:

(a) Ultimately, each token t; in Bloom will
have a corresponding logits distribution
matrix logit;.

(b) These logits can be directly used for sub-
sequent training in the Bloom model.

LLaMa2 Tokenization Bloom Tokenization
we 08 —————> we 085

it 005 it 005
you 0.05 you 0.05

I 001 I 001
util- 0.9

uti 0.05 \

utilis 0.04

utility 0.03 utilize 1.0
“ize 0.8 /

ise 0.1

ized 0.05

ized 0.05

Figure 2: An example for token alignment via MinED.

C Computation and Communication
Complexity

One of the key advantages of FedMKT is its compu-
tational efficiency. By leveraging PEFT, the frame-
work significantly reduces the number of parame-
ters that need to be updated during fine-tuning. For
instance, it consumes just 0.12% of the computa-
tional cost associated with fine-tuning all parame-
ters in OPT-1.3B when using FedMKT. This leads
to faster training times and reduced computational
requirements, making it more feasible to fine-tune
LLM and SLMs in a federated learning setting.

In terms of communication complexity,
FedMKT minimizes the amount of data exchanged
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between clients and the server. Instead of transmit-
ting entire models(For example, OPT-1.3B is about
1.3B floating-point numbers), clients only share
the output logits and corresponding cross-entropy
losses of the public dataset with the server. Sup-
pose there are N = 1000 public text samples with
a text sequence length of S = 512 and a top token
size of K = 16. The communication cost, denoted
as Costeom, would be calculated as follows:
Costeomn = N xS+« K = 1000 % 512 % 16 = 8 M
floating-point numbers. This approach reduces
communication overhead, allowing for more effi-
cient data transmission and enhancing scalability
in federated learning scenarios.

D More on Experimental Details

D.1 Hyperparameter Settings

LoRA Parameters. We utilized the
PEFT(Mangrulkar et al., 2022) library with
the following configurations: r=8, lora_alpha=16,
lora_dropout=0.05.

Common Parameters for LLM and SLMs.
We set batch_size=4, used the AdamW optimizer
with adam_betal=0.9 and adam_beta2=0.95. The
warmup_ratio was set to 0.008, the weight_decay
was 0.1, max_grad_norm was 1.0. The X\ was 0.9.
The number of training rounds for all data is within
10 and the number of training rounds for different
datasets may be different.

LLM Parameters. During distillation, the
local epoch R was set to 1. The learning rates
1., were specified as 3e-5 for the datasets
RTE/WIC/BoolQ/CQA/ARC-C/DialogSum/S-NI,
and 2e-5 for ARC-E.

SLM Parameters. During training for the four
clients, the local epoch E was set to 1. The learning
rates ng were as follows: for "OPT-1.3B", ny=3e-5;
for "GPT-2-xlarge", n9=3e-4; for "Bloom-1.1B",
ng=3e-5; and for "LLaMa-2-1.3B", the same learn-
ing rates as for the LLM were used.

D.2 Data Splitting

For the datasets RTE/WIC/BoolQ/CQA/ARC-
E/ARC-C/DialogSum, we randomly split the train-
ing data into five equal parts, with one part serving
as the public dataset and the remaining four parts
as private dataset for the four clients. All these
datasets(including train, validate, test) were down-
loaded from HuggingFace(Lhoest et al., 2021). For
the S-NI dataset, we first processed the data using
minillm(Gu et al., 2023) to retain samples with an

output length greater than or equal to 11. From this
processed data, we randomly selected 300 samples
as the evaluation dataset. The remaining data was
then split into five equal parts, with one part serv-
ing as the public dataset and the other four parts as
private data for the four clients.

D.3 Machine Configuration

The experiments were conducted on machines
equipped with either 4 Nvidia V100 32G or 8
Nvidia V100 32G GPUs.
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