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Abstract

Foundation models (FMs) in massive parameter space pretrained on a large amount
of (public) data perform remarkably well on various downstream tasks with just a
few samples for fine-tuning. However, direct fine-tuning of the standard FMs often
becomes difficult due to their massive size, especially for scenarios where FMs
are adapted on private data distributed across resource-limited devices. As such,
only those FMs with relatively small parameter size may be capable of on-device
fine-tuning. We call these smaller FMs as on-device FMs (ODFMs). In our work,
we investigate parameter-efficient federated fine-tuning of ODFMs (XXS PaLM2)
for downstream tasks on devices using low-rank approximations (LoRAs), where
we investigate multi-session chat data from real clients as the downstream task of
interest. We first examine federated fine-tuning with homogeneous LoRA ranks
across clients, and show that higher ranks can lead to overfitting despite their faster
learning speed whilst lower ranks do not overfit but converge slower in training.
Based on these observations, we propose heterogeneous LoRA, where we deploy
hetergeneous ranks across clients, aggregate the heterogeneous LoRA modules
through zero-padding, and redistribute the LoRA modules heterogeneously through
truncation. Our proposed heterogeneous LoRA is simple yet effective. It achieves
the best of both worlds by combining the advantages of high-rank and low-rank
LoRAs. This allows us to achieve the best performance with the fewest number of
communication rounds, while also avoiding the problem of overfitting.

1 Introduction
The emerging foundation models (FMs) [1, 2, 3, 4, 5, 6] have shown surprising zero/few shot learning
capabilities, performing well on a variety of tasks including text/image generation with prompts,
language translation, solving math problems, and conversing in natural language. FMs such as the
GPT [5, 7] or PaLM series [6, 8, 9] are trained on a massive, variety of data (mostly unlabeled) with
parameters ranging up to hundreds of billions at size, making it capable to be applied to different
domains with just a few additional training rounds (i.e., fine-tuning) on the targeted dataset. The
colossal size of these FMs, however, requires large number of resources for directly fine-tuning their
entire parameter space. To tackle this issue, many recent works have proposed different parameter-
efficient fine-tuning (PEFT) methods of FMs such as prompt tuning [10], utilizing adapters [11],
or low-rank adaptation (LoRA) of the original model [12] which freezes the original pre-trained
parameters of the FM and train additional, smaller number of parameters instead.

The aforementioned work on PEFT methods for FMs, however, assume that i) the pre-trained FMs
are deployed to and trained with the data of a single machine/client for adaptation to the downstream
task and that ii) the client has enough resources to even fit a standard FM of hundred billion size for,
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at least, inference. In practice, there are often cases where we are interested in fine-tuning FMs for
on-device private data that is distributed across multiple devices (clients). For instance, sensitive and
private data such as medical information or law-related documents may be hard to collect centrally in
a private manner and fine-tuning of the FMs may need to be done at the edge [13, 14, 15]. We define
on-device FMs (ODFMs) as models with fewer than several billion parameters that are able to fit into
memory on limited capacity clients considering current hardwares. We also use the term federated
fine-tuning which we define as training a set of parameters collaboratively to obtain a global set of
parameters that can be plugged in to the FM for the targeted downstream task. Note that federated
fine-tuning is orthogonal to personalization of FMs in federated learning (FL) [16], which aims to
train parameters that perform well for individual clients rather than downstream tasks.

Zero-Shot Few-Shot Full-Training
PaLM2 XXS 2930.23 2541.86 23.71
PaLM2 XS 2712.86 481.95 18.32

Table 1: Perplexity performance of PaLM2 for zero-
shot, few-shot (5 communication rounds), and full fed-
erated fine-tuning (200 communication rounds) for chat
response on the multi-session chat data (further details
of experiments are in Section 3.)

Federated fine-tuning of ODFMs entails unique
challenges that are not present in either standard
PEFT of FMs or the standard federated train-
ing of models that are not FMs. First, unlike
conventional task-specific models, FMs have
their zero/few-shot learning capability often sup-
ported by their large parameter space that is
trained on massive data. As shown in Table
1 and previous literature [17], however, FMs’
performance can deteriorate as their sizes get smaller and federated fine-tuning may not merely be
useful but even inevitable for ODFMs to perform well for downstream tasks on devices. Moreover,
since devices usually have limited and heterogeneous system capabilities [18], PEFT methods that
can flexibly adapt to the heterogeneous devices should be considered for federated fine-tuning of
ODFMs. Previous work evaluated PEFT with FL via performing a general evaluation over different
PEFT methods naïvely combined with FL [19, 20, 21, 22, 23]. However, these works does not inves-
tigate a more practical federated fine-tuning setting for ODFMs where PEFT methods are catered to
heterogeneous system-capabilities such as by applying different PEFT strategies to different clients
for performance improvement. In practice, it may even be difficult to choose LoRA rank parameters
for clients, particularly for resource limited mobile devices with natural system heterogeneity.

In this work, we propose heterogeneous LoRA for federated fine-tuning to cater to system heterogene-
ity and outperform the naïve combination of LoRA and federated fine-tuning where homoegneous
ranks are applied across clients. We show the performance of PaLM 2 [9] of XXS size for chat
responses on the multi-session chat data [24] of real clients. Our contributions can be summarized as:

• We show the performance of naïvely applying LoRA with homogeneous ranks across clients for
federated fine-tuning, and show that while large ranks help in speeding-up training, they lead to
faster overfitting while smaller ranks are slower in training but does not suffer from overfitting.

• We then propose heterogeneous LoRA that can apply different rank LoRA modules to differ-
ent clients via utilizing zero-padding and truncation for the aggregation and distribution of the
heterogeneous size LoRA modules.

• We show that our proposed simple approach of heterogeneous LoRA outperforms naïvely applying
homogeneous ranks across clients in terms of both training speed and final performance, gaining
the best of both worlds of LoRA with high and low ranks.

• We evaluate how different distributions of the ranks across clients, specifically uniform and
power-law distribution, affects the performance of heterogeneous LoRA.

2 Federated Fine-Tuning with LoRA
Formally, we define the pre-trained ODFM weights as W0 ∈ Rd×l and the trainable low-rank
decomposed matrix as ∆W ∈ Rd×l. In standard LoRA [12], the low-rank decomposition of ∆W is
constructed such that ∆W = BA where B ∈ Rd×r and A ∈ Rr×l are the low rank decompositions
of ∆W with identical rank r in the centralized setting. Now, let us consider LoRA in the federated
fine-tuning scenario where there are M total clients. Each client k ∈ [M ] has its local training
dataset Bk and its corresponding local empirical loss function Fk(W) = 1

|Bk|
∑
ξ∈Bk

`(W, ξ),
where `(W, ξ) is the loss value for model W at data sample ξ. The optimization task for federated
fine-tuning is to collaboratively find the global parameters which we define as B and A, given the
pretrained knowledge W0 that can minimize the global objective F (W) = 1

M

∑M
k=1 Fk(W) where
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W = W0 +BA. Throughout the paper, we denote the truncation of a matrix with the : symbol. For
instance, if there is no truncation at the row but truncation from x < l at the column for the matrix
W ∈ Rd×l, we keep all the columns until x and omit the last l − x columns and denote the resulting
matrix it as W[:, : x].

2.1 Naïve Case: Homogeneous LoRA

A straightforward way to perform federated fine-tuning with LoRA is to train the LoRA modules
B, A with homogeneous rank r across all clients with standard FL [25]. Specifically, first the clients
have the pre-trained ODFM weights W0 stored in their devices prior to training for the forward pass
when training the LoRA modules. Then, the server sends the global LoRA modules B

(t)
, A

(t)
to the

set of m selected clients S(t) per communication round t. Each selected client k ∈ S(t) trains the
LoRA modules on their local data for a few local iterations (usually with mini-batch SGD) and send
the updated modules B(t)

k , A
(t)
k back to the server. The server then finally updates the global LoRA

modules accordingly to B
(t+1)

=
∑
k∈S(t) B

(t)
k /m, A

(t+1)
=

∑
k∈S(t) A

(t)
k /m and send back to

the next set of selected clients for the next communication round. This training process is nearly
identical to the standard FL algorithm [25] except that the pretrained weights W0 are freezed and
locally stored in the clients’ devices and only the LoRA moduels are trained and communicated.

Instead of such homogeneous rank deployment across clients, however, for federated fine-tuning it is
possible and perhaps even more reasonable to consider heterogeneous rank deployment where each
client trains different rank LoRA modules. Such setting can be motivated from inevitable system
constraints of the clients [26] or simply to improve the federated fine-tuning performance which
we show is possible in our experiments in Section 3. However, with heterogeneous ranks set for
clients (Heterogeneous LoRA), it is non-trivial how to aggregate these modules at the server and
then distribute the modules back to the next set of selected clients. Hence, we explore the research
question of “Can we aggregate the heterogeneous LoRA ranks r such that it performs better than
homogeneous deployment of LoRA ranks with federated fine-tuning? How does the distribution
of heterogeneous LoRA ranks across clients affect the performance of federated fine-tuning with
heterogeneous LoRA?” Towards this goal, we propose and explore a simple method for heterogeneous
LoRA rank aggregation which we elaborate in the subsequent section, and show its performance
compared to homogeneous LoRA and full fine tuning, giving insights into how different ranks in
heterogeneous LoRA can affect the performance of federated fine-tuning.

2.2 Heterogeneous LoRA: Truncation and Padding

❆
Freezed

Pretrained 
Weights
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<latexit sha1_base64="cpfTJkS0aJuavDxr5AjVR4A92n8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuiXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH1veM+Q==</latexit>

l

<latexit sha1_base64="9StCurqn7GBgVuieqARa5/Z0x48="></latexit>

Bk 2 Rd⇥r1 ,
<latexit sha1_base64="OMZ2wi8h6p8aK8mn5GqejfmlWFE="></latexit>

Ak 2 Rr1⇥l
<latexit sha1_base64="Jx89DUz+ZDKR1ZN4w39RT36vzts="></latexit>

Ak+1 2 Rr2⇥l

<latexit sha1_base64="cQdWQjwH/HkhxW2jL7BZJUBYXog="></latexit>

Bk+1 2 Rd⇥r2
<latexit sha1_base64="To5gL2/x2UUqo9a19O1YGoxtioU="></latexit>

Bk+2 2 Rd⇥r3
<latexit sha1_base64="3zGaNYOXamOd0j5eo9QhCwM6xS0="></latexit>

Ak+2 2 Rr3⇥l

(a) (b)

Figure 1: Example of (a): the pretrained weights W0 that are
stored in the clients’ devices and (b): the heterogeneous ranks
assigned to different clients with rmin = r1 < r2 < r3 = rmax.

In heterogeneous LoRA, we consider
that different clients use different
ranks to match their computation re-
sources, and the ranks are assigned
prior to training in simulation. We
do not assume any specific function
for assigning the ranks to the clients,
and explore how different distribu-
tions of ranks (e.g., uniform, power-
law) across clients affect the perfor-
mance of heterogeneous LoRA in Sec-
tion 3. Specifically, each client k has
a rank rk that is fixed throughout training where the ranks range from a minimum and maximum rank,
i.e., rk ∈ [rmin, rmax], ∀k (see Fig. 1). For heterogeneous LoRA, first, the server has to distribute the
global LoRA modules with the global rank r to a subset of clients with heterogeneous ranks. How we
set the global rank r will also vary depending on how we distribute and aggregate the heterogeneous
rank LoRA modules.

In our work, we consider a simple and intuitive method of truncation where we set the global
rank r = rmax and for each client with rank rk the server sends B

(t)

k [:, : rk], A
(t)

k [: rk, :] for
local training (see Fig. 2(c)). Then the client performs τ local iterations of mini-batch SGD on
their local data to send back the updated LoRA modules B

(t)
k ∈ Rd×rk and A

(t)
k ∈ Rrk×l. The

next critical step to consider is how to aggregate the heterogeneous LoRA modules. Recall that
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<latexit sha1_base64="OlQqY3YZLIxt2bgUY/MluCmov9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJu3azSbsboRS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCorZNMMWyxRCSqE1CNgktsGW4EdlKFNA4EPgSj25n/8IRK80Tem3GKfkwHkkecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yP3RKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2NQm5QmbE2BLKFLe3EjakijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fyteM8Q==</latexit>

d

<latexit sha1_base64="cpfTJkS0aJuavDxr5AjVR4A92n8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuiXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH1veM+Q==</latexit>

l

<latexit sha1_base64="OlQqY3YZLIxt2bgUY/MluCmov9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJu3azSbsboRS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCorZNMMWyxRCSqE1CNgktsGW4EdlKFNA4EPgSj25n/8IRK80Tem3GKfkwHkkecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yP3RKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2NQm5QmbE2BLKFLe3EjakijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fyteM8Q==</latexit>

d

<latexit sha1_base64="cpfTJkS0aJuavDxr5AjVR4A92n8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuiXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH1veM+Q==</latexit>

l

0	⋯⋯⋯⋯0 0	⋯⋯⋯⋯0

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax
<latexit sha1_base64="OlQqY3YZLIxt2bgUY/MluCmov9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJu3azSbsboRS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCorZNMMWyxRCSqE1CNgktsGW4EdlKFNA4EPgSj25n/8IRK80Tem3GKfkwHkkecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yP3RKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2NQm5QmbE2BLKFLe3EjakijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fyteM8Q==</latexit>

d

<latexit sha1_base64="cpfTJkS0aJuavDxr5AjVR4A92n8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuiXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH1veM+Q==</latexit>

l

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax

<latexit sha1_base64="DTJXpdF0aQS7qb388/zwBIi+n8I=">AAAB9XicbVBNSwMxEM3Wr1q/qh69BIvgqeyKqMeiF48V7Ae0a8mm2TY0yS7JrLYs+z+8eFDEq//Fm//GtN2Dtj4YeLw3w8y8IBbcgOt+O4WV1bX1jeJmaWt7Z3evvH/QNFGiKWvQSES6HRDDBFesARwEa8eaERkI1gpGN1O/9ci04ZG6h0nMfEkGioecErDSg+6lXWBjSCUZZ1mvXHGr7gx4mXg5qaAc9V75q9uPaCKZAiqIMR3PjcFPiQZOBctK3cSwmNARGbCOpYpIZvx0dnWGT6zSx2GkbSnAM/X3REqkMRMZ2E5JYGgWvan4n9dJILzyU67iBJii80VhIjBEeBoB7nPNKIiJJYRqbm/FdEg0oWCDKtkQvMWXl0nzrOpdVM/vziu16zyOIjpCx+gUeegS1dAtqqMGokijZ/SK3pwn58V5dz7mrQUnnzlEf+B8/gCPwpM3</latexit>rmax

<latexit sha1_base64="VTNmfT93G2HzqYhyXMPQoUn5B2M=">AAACJHicbVC7TsMwFHV4U14FRhaLCompShACJBYEC2NBtCA1IXJcp7VwnMi+QVRWPoaFX2Fh4CEGFr4Fp+0ALVeydHzOPbr3nigTXIPrfjlT0zOzc/MLi5Wl5ZXVter6RkunuaKsSVORqpuIaCa4ZE3gINhNphhJIsGuo7uzUr++Z0rzVF5BP2NBQrqSx5wSsFRYPfZTK5du4ycEelFsTovC53L4i8xlcWs6PvCEaaxC4wN7AJOQh6IowmrNrbuDwpPAG4EaGlUjrL77nZTmCZNABdG67bkZBIYo4FSwouLnmmWE3pEua1soiR0amMGRBd6xTAfHqbJPAh6wvx2GJFr3k8h2lqvrca0k/9PaOcRHgeEyy4FJOhwU5wJDisvEcIcrRkH0LSBUcbsrpj2iCAWba8WG4I2fPAlae3XvoL5/sV87OR3FsYC20DbaRR46RCfoHDVQE1H0iJ7RK3pznpwX58P5HLZOOSPPJvpTzvcPCKWniQ==</latexit>

B 2 Rd⇥rmax

<latexit sha1_base64="B6HU4afQt4eUIGrwQa3YcmiShSE=">AAACJHicbVC7TsMwFHV4lvIqMLJYVEhMVYIQILEUWBgBUVqpKZXjOq2F40T2DWpl5WNY+BUWBh5iYOFbcNoO0HIlS8fn3KN77wkSwTW47pczMzs3v7BYWCour6yurZc2Nm91nCrKajQWsWoERDPBJasBB8EaiWIkCgSrB/fnuV5/YErzWN7AIGGtiHQlDzklYKl26cSPrZy7jR8R6AWhOc0yn8vRLzDX2Z1RbeMD64OJSN+KwCOmscjapbJbcYeFp4E3BmU0rst26d3vxDSNmAQqiNZNz02gZYgCTgXLin6qWULoPemypoWS2DktMzwyw7uW6eAwVvZJwEP2t8OQSOtBFNjOfHU9qeXkf1ozhfC4ZbhMUmCSjgaFqcAQ4zwx3OGKURADCwhV3O6KaY8oQsHmWrQheJMnT4Pb/Yp3WDm4OihXz8ZxFNA22kF7yENHqIou0CWqIYoe0TN6RW/Ok/PifDifo9YZZ+zZQn/K+f4BGienkA==</latexit>

A 2 Rrmax⇥l

<latexit sha1_base64="OlQqY3YZLIxt2bgUY/MluCmov9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJu3azSbsboRS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCorZNMMWyxRCSqE1CNgktsGW4EdlKFNA4EPgSj25n/8IRK80Tem3GKfkwHkkecUWOlZtgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yP3RKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2NQm5QmbE2BLKFLe3EjakijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fyteM8Q==</latexit>

d

<latexit sha1_base64="cpfTJkS0aJuavDxr5AjVR4A92n8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuiXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH1veM+Q==</latexit>

l
<latexit sha1_base64="OP2etx7AD9NCAOrk47XBc8wMnBg=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GnomiUluQS8eI5oFkiH0dHqSJj0L3T1CCPkELx4U8eoXefNv7CyCij4oeLxXRVU9PxFcaYw/rMza+sbmVnY7t7O7t3+QPzxqqTiVlDVpLGLZ8YligkesqbkWrJNIRkJfsLY/vpr77XsmFY+jOz1JmBeSYcQDTok20q3su/18AdsVF5erDsJ20cG1kmsIdiu1chE5Nl6gACs0+vn33iCmacgiTQVRquvgRHtTIjWngs1yvVSxhNAxGbKuoREJmfKmi1Nn6MwoAxTE0lSk0UL9PjEloVKT0DedIdEj9dubi3953VQHVW/KoyTVLKLLRUEqkI7R/G804JJRLSaGECq5uRXREZGEapNOzoTw9Sn6n7Rc27mwSzelQv1yFUcWTuAUzsGBCtThGhrQBApDeIAneLaE9Wi9WK/L1oy1mjmGH7DePgFpPY3o</latexit>r2

<latexit sha1_base64="OP2etx7AD9NCAOrk47XBc8wMnBg=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GnomiUluQS8eI5oFkiH0dHqSJj0L3T1CCPkELx4U8eoXefNv7CyCij4oeLxXRVU9PxFcaYw/rMza+sbmVnY7t7O7t3+QPzxqqTiVlDVpLGLZ8YligkesqbkWrJNIRkJfsLY/vpr77XsmFY+jOz1JmBeSYcQDTok20q3su/18AdsVF5erDsJ20cG1kmsIdiu1chE5Nl6gACs0+vn33iCmacgiTQVRquvgRHtTIjWngs1yvVSxhNAxGbKuoREJmfKmi1Nn6MwoAxTE0lSk0UL9PjEloVKT0DedIdEj9dubi3953VQHVW/KoyTVLKLLRUEqkI7R/G804JJRLSaGECq5uRXREZGEapNOzoTw9Sn6n7Rc27mwSzelQv1yFUcWTuAUzsGBCtThGhrQBApDeIAneLaE9Wi9WK/L1oy1mjmGH7DePgFpPY3o</latexit>r2
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Figure 2: Overview of the zero-padding and truncation method for heterogeneous LoRA; (a): Zero-pad LoRA
modules with smaller ranks to rmax (clients with rank rmax does not need padding); (b): After padding, aggregate
all of the clients’ LoRA modules to get the global LoRA modules; (c): Truncate the global LoRA modules for
the specific rank of the next selected client (example for client with rank r2).

r = 1 r = 5 r = 10 r = 20 r = 50 r = 100 r = 150 r = 200

PaLM2 XXS 0.02% 0.11% 0.21% 0.42% 1.05% 2.10% 3.14% 4.19%

Table 2: Percentage of the LoRA parameters’ size for different ranks r compared to the original pre-trained
ODFM’s parameter size. Even for large ranks such as r = 200 the trainable LoRA parameters’ size compared to
the original pre-trained ODFM size is less than 5% for PALM2 XXS.

the final global LoRA module should have the rank r = rmax. For this step we use simple zero-
padding to all the received LoRA modules with rk < rmax to the maximum rank rmax. Formally,
for the received LoRA modules at communication round t with rk < rmax, we extend the matrix
from shape B

(t)

k ∈ Rd×rk , A(t)

k ∈ Rrk×l to the shape of B
(t)

k ∈ Rd×rmax , A
(t)

k ∈ Rrmax×l where

B
(t)

k [: rk : rmax, : rk : rmax], A
(t)

k [: rk : rmax, : rk : rmax] is set to 0. An illustration of the server-side
truncation and aggregation via zero-padding is shown in Fig. 2 for the case when there are three
heterogeneous rank LoRA modules r1, r2, r3 where rmax = r3. Note that if we set all ranks to the
same rank our truncation and padding method simply becomes analogous to the homogeneous LoRA
case we explained in Section 2.1. Now that we have described our settings for both homogeneous
and heterogeneous LoRA we show their performances on federated fine-tuning in the next section.

3 Experiments
3.1 Experiment Setup
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Figure 3: Performance of homo-
geneous LoRA for different rank r.
Higher ranks achieve good perfor-
mance faster than lower ranks, but it
overfits while the lowest rank r = 1
achieves the same perplexity slower
than higher ranks without overfitting.

We consider the transformer-based model PaLM2 [9] of size
XXS which we believe are applicable to fit in to the category
of ODFMs given their smaller sizes compared to standard FMs.
The LoRA modules are applied to only the self-attention lay-
ers as proposed in the original LoRA paper [12] where their
relative number of parameters compared to the original model
are shown in Table 2. The task we consider in this paper is
chat dialogue using the multi-session chat (MSC) dataset [24]
which is a collection of human-human interactions comprising
numerous extended chat sessions. For the metric, we use per-
plexity [27] which has been used to show the quality of chat
responses from generative models from previous literature [28].
We sample 100 clients (real users) uniformly at random from
the MSC dataset and partition their data for training and eval-
uation by each previous_dialogs and dialog. We fix the
local mini-batch size to 8 and number of local iterations τ to
5 with the feature length set to 1024. The learning rates are sweeped across 0.01, 0.001, 0.0001 to
find the best performing one. The rank distribution across clients for heterogeneous LoRA, unless
mentioned otherwise, is set to a uniform distribution between [rmin, rmax] (inclusively).

3.2 Experiment Results
Homogeneous LoRA and the Effect of the Ranks r. First, we evaluate the performance of federated
fine-tuning of the LoRA modules with homogeneous LoRA deployment across clients in Fig. 3
for different ranks r ∈ [1, 5, 10, 20, 50]. We can observe a higher rank r for homogeneous LoRA
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Figure 4: Performance of heterogeneous LoRA with different minimum rank values i.e., rmin ∈ [1, 5]. As
similar to homogeneous LoRA, larger rmin leads to more overfitting for heterogeneous LoRA, but it is not as
severe as the homogeneous LoRA even for larger maximum ranks rmax = 150 showing that the smaller rank
LoRA modules act as a regularizer in heterogeneous LoRA.

achieves better perplexity floor with fewer communication rounds than lower rank cases but quickly
overfits resulting in worse performance compared to the lower rank cases after more communication
rounds. On the other hand, while the lower rank cases need more communication rounds to achieve
good performance, it does not have the problem of overfitting as the higher rank cases. Hence
for homogeneous LoRA, there is a trade-off to consider between low and high ranks, in terms of
faster performance achievement and overfitting. Note that these observations are consistent with
previous literature in the centralized setting where a higher rank does not necessarily yields the
best performance [12, 29]. Next, in the subsequent paragraphs we show that with our proposed
heterogeneous LoRA, we achieve good performance quickly without this overfitting issue, showing
better performance than the homogeneous LoRA case.
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Figure 5: Performance of heterogeneous LoRA with varying rmax.
The best performing case is rmax = 30, rmin = 1 showing that
increasing the maximum rank does not always help. It is also ob-
servable that for rmin = 5 the discrepancies across maximum ranks
are nearly negligible due to overfitting showing that the minimum
rank rmin plays an important role in preventing overfitting.

Heterogeneous LoRA and the Ef-
fect of rmin and rmax. First, we show
the performance of federated fine-
tuning with heterogeneous LoRA for
different rmin and rmax in Fig. 4 where
we gain key observations that the min-
imum rank across clients largely af-
fects the performance of federated
fine-tuning. Specifically, a smaller
minimum rank rmin = 1 leads to
slower training but better performance
while a larger maximum rank leads to
faster training but worse performance,
as similar to what we have seen in the
homogeneous LoRA case. However,
compared to homogeneous LoRA we
can observe that the overfitting does not get as severe for heterogeneous LoRA even with much larger
ranks such as rmax = 150. We can imply from this result that the smaller rank LoRA modules act
as a regularizer in heterogeneous LoRA. Moreover, interestingly, we show in Fig. 5 that increasing
the maximum rank rmax does not always improve the performance of federated fine-tuning. The best
performing case that has fast training speed as well as good performance is in fact rmax = 30, rmin = 1
case in Fig. 5(a), where a higher rmax even with rmin = 1 leads to overfitting. For rmin = 5 in Fig. 5(b),
the discrepancies across rmax are nearly negligible showing that the minimum rank rmin is critical to
the performance of heterogeneous LoRA especially to prevent overfitting.

Different Client Rank Distributions for Heterogeneous LoRA. So far we have only looked at
uniformly distributed ranks across clients for the heterogeneous LoRA, but we further investigate
differently distributed ranks with the power law distribution where a larger alpha indicates more
clients are assigned with higher ranks and a smaller alpha indicates more clients are assigned smaller
ranks (see Fig. 7). The mapping of a client to a rank is random as the same as the uniform distribution
case. With the ranks distributed with either the power-law distribution (α ∈ [0.1, 2]) or uniform
distribution, we show in Fig. 8 that when clients’ rank distribution is skewed towards lower ranks
(α = 0.1), although there is no overfitting, the training speed is slow. On the other hand, with clients’
rank skewed towards higher ranks, the training speed is not only faster than uniform or α = 0.1,
but also is able to avoid overfittig for certain maximum rank values such as rmax = 30 shown in
Fig. 8(b). This shows that for certain settings rank distributions to clients, heterogeneous LoRA can
achieve the best of both worlds of lower and higher rank, where training speed is fast but also without
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Figure 7: Histogram of client ranks with rmin = 1, rmax = 50 for different distributions including uniform and
power-law distribution for α ∈ [0.1, 2]. A smaller α leads to clients having smaller ranks and vice versa.
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Figure 8: Performance of heterogeneous LoRA with different rank distributions (uniform (random), α ∈
[0.1, 2]). More skew towards higher ranks (α = 2) achieves better performance with fewer communication
rounds compared to uniform (random) and α = 0.1 for rmax ∈ [10, 30].

the overfitting issue most severely observed in homogeneous LoRA with high ranks. We directly
compare homogeneous and heterogeneous LoRA in the next paragraph.

0 20 40 60 80 100 120 140
Communication Rounds

102

103

Pe
rp

le
xi

ty
Hom. LoRA r= 1
Hom. LoRA r= 30
Het. LoRA (rmin, rmax) = (1, 30)
Full Fine-Tune

Figure 6: Comparison of the perfor-
mance across homogeneous LoRA, het-
erogeneous LoRA, and full-fine tuning.
Heterogeneous LoRA achieves better
performance than homogeneous LoRA
with fewer number of communication
rounds. However, it is still not able to
outperform full fine-tuning.

Heterogeneous LoRA compared to Homogeneous LoRA.
Finally, we compare heterogeneous LoRA with the homoge-
neous LoRA deployment in Fig. 6. We see that our proposed
heterogeneous LoRA with rmin = 1 and rmax = 30 achieves
faster training as well as better performance than homogeneous
LoRA cases with both edge cases of the ranks r ∈ {1, 30}.
Hence going back to our main question of whether we can de-
vise a aggregation/distribution scheme of heterogeneous LoRA
for federated fine-tuning such that it out performs homoeg-
neous LoRA, we show that this is indeed possible. However,
we can also observe that heterogeneous LoRA is still not able
to achieve better performance than full fine-tuning. Note that
however, full fine-tuning requires to train a much larger number
of parameters compared to heterogeneous LoRA per commu-
nication round (see Table 2). Nevertheless, this leaves room for
further research questions of whether it is possible for heteroge-
neous LoRA to also outperform full federated fine tuning with
the same number of communication rounds.

4 Discussions and Concluding Remarks
In our work, we investigate federated fine-tuning for ODFMs, specifically, utilizing heterogeneous
LoRA. We show that heterogeneous LoRA, even with the simple approach of zero-padding and
truncation, can achieve better training speed and final performance compared to homogeneous
LoRA. We also show interesting findings consistent with previous literature [12, 29] that increasing
ranks does not always help, even for heterogeneous LoRA. Our findings in this work opens up
several questions worth investigating. First, we would like to investigate whether there is a way to
improve our current approach of heterogeneous LoRA for federated fine-tuning to achieve comparable
performance with full fine-tuning. The current method for heterogeneous LoRA is data agnostic
with simple padding and truncation, but whether there is a way to incorporate awareness of data
heterogeneity to heterogeneous LoRA is an interesting direction. Another open question is what is
the right way to assign the ranks across clients. In our current version of heterogeneous LoRA we
assign the ranks at random to the clients but whether we can assign the ranks such that heterogeneous
LoRA performance can be improved remains open for investigation.
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