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Abstract

Current neural networks often employ multi-domain-learning
or attribute-injecting mechanisms to incorporate non-
independent and identically distributed (non-IID) information
for text understanding tasks by capturing individual charac-
teristics and the relationships among samples. However, the
extent of the impact of non-I1ID information and how these
methods affect pre-trained language models (PLMs) remains
unclear. This study revisits the assumption that non-IID in-
formation enhances PLMs to achieve performance improve-
ments from a Bayesian perspective, which unearths and inte-
grates non-IID and IID features. Furthermore, we proposed a
multi-attribute multi-grained framework for PLM adaptations
(M2A), which combines multi-attribute and multi-grained
views to mitigate uncertainty in a lightweight manner. We
evaluate M2A through prevalent text-understanding datasets
and demonstrate its superior performance, mainly when data
are implicitly non-1ID, and PLMs scale larger.

Code — https://github.com/yoyo-yun/M2A.

Introduction

Modern neural networks, especially pre-trained language
models (PLMs), for specific tasks require large amounts of
data and computational resources (Kong, Wang, and Zhang
2021; Han et al. 2021); therefore, collecting as much data
as possible from diverse sources to achieve satisfactory task
performance is desirable (Yuan, Zhao, and Qin 2022; Kat-
sarou, Jeney, and Stefanidis 2023; Liu, Zhang, and Liu 2018;
Yang and Hospedales 2015). For instance, sentiment anal-
ysis data can be gathered from different users, categories,
and platforms, where corresponding golden labels are anno-
tated by different users and intended to build sufficient sam-
ples leveraged for robust sentiment model training (Chen
and Chao 2021; Zhang et al. 2023). These networks unan-
imously assume that all samples in a data pool (for a spe-
cific downstream task) are independent and identically dis-
tributed (IID) in a coarse-grained view (Pang and Lee 2006;
Zhang, Wang, and Liu 2018). However, data distributions
from different resources are not typically IID, which needs
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fine-grained view to deal with the data heterogeneity prob-
lem. Without the fine-grained view, the coarse-grained 11D
assumption may impede the optimal model convergences
(uncertainty), degrading ideal performance when data are
non-IID, either explicitly or implicitly, even though carry-
ing out sufficient data (Zhang et al. 2023; Yao et al. 2024).

One intuitive solution to address the issue is to abstract
the heterogeneities in data-sufficient while resource-diverse
tasks and guide models adapted to diverse individual scenar-
ios. This brings two significant challenges in recent adapta-
tions of PLMs: 1) representing the heterogeneities among
data samples and 2) making PLMs capable of recogniz-
ing them effectively and efficiently in the training and
inference phase. Recently, many efforts have been com-
mitted to introducing multi-domain-learning (Yuan, Zhao,
and Qin 2022; Katsarou, Jeney, and Stefanidis 2023), and
attribute-injecting mechanisms (Zhang et al. 2021; Amplayo
2019) for investigating data heterogeneities. Multi-domain
learning aims to learn domain-shared features and com-
bine them with separate domain-specific features for multi-
domain text classifications. Attribute injecting treats con-
crete domain information as attribute knowledge and in-
jects it into coarse neural networks for fine-grained perfor-
mance. However, these high-performance methods do not
systematically develop the model design and optimization
approach, constraining the ability to represent robust non-
IID and IID features as well as their internal relatedness.
Moreover, traditional full-model fine-tuning (FFT) and so-
phisticated structure modification render limited scalability
for larger PLMs (Min et al. 2024).

We argue that most text-understanding data contain mul-
tiple attributes, i.e., user, category, and platform. From a
data distribution perspective, each attribute covers coarse-
grained and fine-grained views, as shown in Figure 1(a).
The coarse-grained view with one domain, which treats all
samples as IID, ignores data heterogeneities. This approach
is advantageous for accommodating large number of sam-
ples, as shown in Figure 1(b). The fine-grained view, e.g.,
the category, considers all samples divided into numerous
fine-grained domains. Within each domain, samples are IID,
whereas samples across different domains are non-IID. This
perspective allows models to manage diverse samples by
employing individual modules for each domain, as shown
in Figure 1(c).
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Figure 1: A conception of the proposed method.

To integrate IID and non-IID information for complemen-
tary benefits, we rethink the current multi-domain learn-
ing and attribute injecting mechanism and propose a multi-
attribute, multi-grained adaptation (M2A) framework for
mitigating the uncertainty of PLMs’ adaptation, as shown
in Figure 1(d). Theoretically, we adopt a Bayesian infer-
ence to analyze the relatedness between coarse-grained and
fine-grained views and a Bayesian neural network (BNN)
to represent robust data heterogeneities (Magris and losi-
fidis 2023; Jospin et al. 2022) (see §Preliminaries). Through
a combination of multiple attributes and granularities from
the Bayesian inference perspective, we found that the pro-
posed M2A framework could facilitate PLMs to be effec-
tively adapted to non-IID tasks. Moreover, a parameter-
efficient fine-tuning (PEFT) module (Houlsby et al. 2019)
and a joint learning strategy are proposed to facilitate the
scalability of M2A for diverse PLMs (Zhang et al. 2023).
In experiments, we utilized various PLMs to evaluate M2A
on multi-domain and personalized sentiment analysis tasks,
which contain sufficient data for task adaptation while in-
volving data heterogeneities.

Our key contributions in this paper are threefold.

e We rethink the current multi-domain-learning and
attribute-injecting mechanism from a Bayesian perspec-
tive and provide a robust M2A framework for text under-
standing.

* Based on PEFT and joint learning methods, M2A makes
PLMs effectively and efficiently adapted for diverse
scales and broader scenarios.

» Extensive experiments were conducted on several text-
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understanding tasks and provided empirical analysis.

Preliminaries

Background: Text Understanding
Regarding a text understanding task with a training dataset
D = {(Xpn,yn)}YY with N IID and label-annotated samples,
a neural network NN, () parameterized with weights w is
optimized to estimate the likelihood p(D,|D,; w) that links
the inputs and the outputs via:

N

P(D, Dy w) = arg max [ | Loss(y i)
w

n=1

(D

where D, = {x,}"_, and D, = {y,,}}_, represents the
input data and the output labels; 3, = NN, (x,) denotes
the network output for input x,,; Loss(+) the loss function
for model optimizations.

Regarding non-IID heterogeneities in a specific attribute
a € A, the dataset D UascaD@) can be di-
vided into |a|; fine-grained domains (sub-datasets) where
each domain contains IID samples, denoted as plas) —
{9 ylelesl For each domain as, it typically re-
quires a neural network NN, as) (+) to estimate the domain-
specific sub-datasets. Notably, only one IID domain ac is
covered in coarse-grained view, where D = D(ac), and the
corresponding model is NN, ae) (+).

A Bayesian Perspective

Bayesian Inference. We propose a Bayesian perspective
to investigate diversity and relatedness among multiple at-
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Figure 2: Overview of the M2A Framework.

tributes and granularities, respectively. In Bayesian learn-
ing (de Freitas, Niranjan, and Gee 2000), p(w|D) is the pos-
terior distribution of the model being learned. Therefore, the
predictive probabilities can be defined as:

p(ylx; D) = / p(y]%; w)p(w|D)d,

which can be approximated by Monte Carlo method (Kroese
et al. 2014) and aggregated from | S| models:

Zp yl; w

ses

@

p(ylx; D) (€)

TS

where w(®) ~ p(w®)|D).

Bayesian Neural Network. It targets the estimation of pos-
terior distribution p(w|D) based on a Bayesian theorem
via (Jospin et al. 2022):

p(Dy|Dz;w) - p(De|w) -
p(Dz’ Dy)
o p(Dy|Dy;w) - p(Da|w)

where p(D,|w) is the likelihood of the model that pre-
dicts input data; p(w) is the prior distribution of the model;
p(D) = p(Dy, Dy) is the evidence.

To sum up, the question of our proposed method is: how to
(1) integrate multiple attributes and granularities for robust
text representations, (2) estimate p(w|D) in each domain for
capturing the non-IID and IID features, and (3) connect non-
IID and IID information for modeling the internal related-
ness.

p(w[Dy. D) = Plw)

“

M2A Framework

Figure 2 illustrates the conceptual diagram of the proposed
M2A method, which consists of three steps from a Bayesian
perspective. The first step views each data from different at-
tribute and granularity perspectives, utilizing M2A modules
to integrate non-IID and IID features; the second step op-
timizes M2A modules through multitask learning; and the

third step connects multi-grained views and introduces a
joint learning strategy. Additionally, our framework can be
decomposed to improve parameter efficiency.

Multi-attribute and Multi-grained Module in
Bayesian Inference

Based on Bayesian inference in Eq. (3), we introduce a
multi-attribute and multi-grained module to represent and
integrate non-IID and IID information for robust hidden rep-
resentation.

Each data sample (x,y) can be viewed from different at-
tributes a € A and multi-grained views g € G = {c¢, f} and
denoted by (x,y) ~ (yea gec D@9 where af represents
(x,y) in the fine-grained domain f from a-attribute perspec-
tive! via the formulation of af = P((x,y), a)¢. In contrast
to Monte Carlo sampling, we sample w(*) from diverse data
distributions, i.e., D(e9) with ¢ € A and g € G; therefore,
the predictive probabilistic of (x,y) can be formulated as:

D) =~ 1 Z

AT )]
‘A| ‘g| a€A,geg

p(ylx; p(ylx; we9))

where w(®) ~ p(w(@9)|D@9))p(D9)|D). Since these
w(*9)s have complementary and individual semantic infor-

mation, w(®9)s can be fused to a unified model in current
models (Zhang et al. 2024):

P(yb; D) = plyl U, v )

where ()(- - - ) represents module integrating operations.
Inspired by PEFT methods that introduce a lightweight
module to enable PLMs to be adapted to downstream tasks,
we utilize the LoRA family to implement our M2A frame-
work for multi-objective adaptations efficiently, facilitating
further research when PLMs scale large (Hu et al. 2021).

(6)

"For simplification, we argue each data sample (x,y) belongs
to only one fine-grained domain f € a in each attribute view a.
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Each module w(®9) is formulated as A(®9) B(a9) with low-
rank instinct features of 7(9) < min(d;y,, doy; ), which are
then added into PLM matrix parameters W € R%n*dout for
model calibration:

W =W + w9 @)

Due to the cumulative and plug-and-play characteris-
tics of LoRA (Wu, Huang, and Wei 2023), we instantiate
modules integrating operations as Q(U, e 4e¢ wle9)) =
Wllg\ > ag w(®9)_ After that, as shown in Figure 2, our M2A
module is simplified and denoted as:

2

a€A,geg

1
W=W+ —— (a9) (8)
|A[G]

Module Learning in BNN

The essential factor in optimizing the module w locates how
to maximize p(w|D,, D,) based on PLM backbones.

Although PLMs have provided general knowledge for text
generation or cloze tasks, they could not effectively distin-
guish the data heterogeneities. For example, due to different
pragmatic writing styles, PLMs make it hard to determine
word prediction for different writers with the same given
texts. Based on Eq. (4) with the Bayesian diagram, we in-
troduce a multitask learning to estimate p(w|D) via maxi-
mizing p(Dy|D,; w) and p(Dy|w), simultaneously:

CNNW

mtl LOSS(ynv Qn) + CELOSS(Xn, )A(n)

&)

where « is the balance factor; X,, denote reconstructed text
tokens under p(D,.|w) estimation and NN, (+). Empirically,
from the writer-specific perspective (i.e., a denotes writer
attribute), p(D,|D,; w(?*)) aims to facilitate PLMs to learn
how a specific writer (i.e., s) would influence the annota-
tions of the texts. Meanwhile, p(D,|w(®*)) is introduced to
optimize PLMs to learn What pragmatic contents a specific
writer (i.e., s) would generate.

To implement p(D,,|w) based on masked language mod-
eling (MLM) (Devlin et al. 2019) and autoregressive mod-
eling (ARM) (Radford et al. 2019), respectively, we utilized
different strategies. For MLM, we randomly mask 15% of
input tokens as [MASK] and get unified models to pre-
dict original tokens of texts and annotated labels based on
[CLS] or <s> tokens. For ARM-based PLMs, ARM tasks
are used to predict both shift-right text labels and down-
stream task labels.

Connecting Multi-grained Views

Acknowledging that identifying exact non-IID information
locations could facilitate neural network models to mitigate
predictive uncertainty, it is difficult to collect the locations
due to extensive labor in retrieving sensitive information and
bypassing privacy concerns (Zhang et al. 2023). To further
investigate internal relatedness among coarse-grained and
fine-grained views, Bayesian inference in Eq. (3) guides the
M2A framework with a joint learning strategy for improv-
ing the model performance and broadening practical scenar-
ios. A more detailed analysis can be found in the techni-
cal appendices. To generalize fine-grained domains, we can
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get a multi-attribute coarse-grained M2A module (dubbed
as M2At), denoted by W + Q(U, e 4 ge ey w9), Where

w@) is a special coarse-view module used to align diverse
fine-grained modules.

To align with M2A and M2A¥, we resort to a joint learn-
ing strategy with knowledge distillation for final optimiza-
tions (Aguilar et al. 2020), formally:

c= T £+ + KL(NN(x),NN'(x)) (10)
(x,y)€D

where NN = NNy o) _, . wio) and NNT =

NNW+9(UaeA,ge{c,c/}w(“g))‘ During the training phase,

only parameters of U c .4 gefe.er s} w(®9) are simultane-
ously updated. Moreover, we have found that NN converged
faster than NN (see §Experiments); therefore, we introduce
a module separation strategy. That means when the learn-
ing procedure of NN is optimally stopped during the train-
ing phase, NN will continue learning with only lightweight
Use Age{e} w(%9) to being updated until its optima conver-
gence.

Model Decomposition

Due to uncertainties in model capacity, the number of do-
mains employed, and module redundancy, we further im-
prove the M2A framework in parameter efficiency via model
decomposition (see Figure 2).

Fine-grained domain parameters reduction. Regarding
model capacity, the fine-grained module (w(®/)) covers
much fewer data samples than the coarse-grained mod-
ule (w(“c) or w(acl)); thus, we introduce a KronA mod-
ule (Edalati et al. 2022), which only contains one-rank
weight parameters and provides feasible decompositions, to
replace the original LoRA for fine-grained modules, i.e.,
w@) = ¢lf) g D@f) where @ is Kronecker product,
cl) e RWin/m)xr" and D) e R *(doue/™) with
1 <7 <min(dip, dout)-

Sharing attribute information among fine-grained do-
mains. From a fine-grained perspective, global data can be
divided into many domains, which linearly scale model pa-
rameters and memory budgets. Here, we share one C'(*) with
all U, e, C@%).

Sharing coarse-grained attribute information across at-
tributes. Across multiple attributes, the coarse-grained
views cover the same global dataset, i.e., Voc4D(*®) = D.
To reduce redundancy information, we share one w9 with
all [, 4 w'®).

Efficiency analysis. Without mode decomposition, the ex-
ternal complexity (ignoring W in PLMs) is 3_, (lal ; +2) -
r+(din~+dout), which is larger than that of our decomposition
version with (3, (din + |a|f “dout)) + 21 (din + dout )

Experiments
Datasets and Evaluations

We evaluate the proposed M2A frameworks on two types
of prevalent datasets. (1) Multi-domain sentiment analy-
sis includes FDU-MTL, which contains product and movie



Domains BERT | DAEA | BERTMasker | KCL-KB | B-MTL | B-M2Ai | G-M2A% | R-M2A*
Books 87.00 89.00 93.00 93.08 94.75 94.75 93.50 97.25
Electronics | 88.30 91.80 93.25 94.92 94.00 95.50 93.75 96.00
DVD 85.60 | 88.30 89.25 89.92 90.75 93.25 91.50 93.50
Kitchen 91.00 | 90.30 90.75 92.50 92.00 93.25 95.25 96.00
Apparel 90.00 | 89.00 92.25 92.67 91.25 92.50 93.25 94.50
Camera 90.00 | 92.00 92.75 93.67 94.75 95.00 93.00 95.25
Health 88.30 89.80 95.25 95.67 94.25 96.50 95.50 97.50
Music 86.80 | 88.00 89.50 90.42 90.75 91.75 92.00 93.75
Toys 91.30 | 91.80 93.75 93.33 92.75 93.50 92.25 94.25
Video 88.00 | 92.30 91.25 91.67 92.00 94.50 91.75 94.00
Baby 91.50 | 92.30 92.75 94.58 95.75 96.25 94.00 96.25
Magazines | 92.80 | 96.50 94.50 94.17 94.25 94.75 94.00 96.50
Software 89.30 92.80 93.00 94.33 95.75 96.50 96.25 96.50
Sports 90.80 | 90.80 92.50 94.42 94.25 95.00 94.50 94.75
IMDB 85.80 | 90.80 86.00 90.83 93.00 93.25 92.25 94.50
MR 74.80 | 77.00 83.75 85.58 84.25 85.75 84.00 85.50
Avg. 88.16 | 90.16 91.47 92.62 92.78 93.86 92.92 94.70

Table 1: Comparative test Acc (%) results for multi-domain sentiment analysis (the category attribute only).

Models IMDB Yelp-2013 Yelp-2014
Acc | RMSE | FI Acc | RMSE | FI Acc | RMSE | FI
non-IID free or Coarse-grained view (IID) only
BERT 522 | 1.163 | 493 | 67.7 | 0.628 | 65.5 | 67.7 | 0.615 | 65.6
GPT2 51.5 | 1.222 | 475 | 67.6 | 0.622 | 64.5 | 68.0 | 0.614 | 655
RoBERTa | 53.0 | 1.147 | 494 | 69.2 | 0.590 | 65.1 | 69.0 | 0.601 | 66.5
R-M2A¥} 542 | 1.100 | 50.3 | 70.7 | 0.574 | 694 | 70.5 | 0.578 | 68.5
Multiple granularities (IID+non-1ID)

B-IUPC 53.8 | 1.151 - 70.5 | 0.589 - 712 | 0.592 -
B-MAA 573 | 1.042 - 70.3 | 0.588 - 714 | 0.573 -
B-GS 572 | 1.042 | 54.5 | 70.2 | 0.593 | 68.3 | 71.1 | 0.585 | 68.5
R-GNNLM | 544 | 1.102 - 72.2 | 0.573 - 72.1 | 0.568 -
B-M2A% 58.7 | 1.021 | 54.8 | 72.0 | 0.569 | 69.7 | 72.4 | 0.560 | 69.1
G-M2Ai% 58.1 | 1.074 | 53.6 | 70.4 | 0598 | 674 | 71.8 | 0.569 | 68.4
R-M2A% 60.3 | 0954 | 56.7 | 73.7 | 0.548 | 70.7 | 74.2 | 0.535 | 714
R-M2A 60.6 | 0960 | 56.6 | 73.4 | 0.543 | 70.2 | 73.6 | 0.545 | 70.9

Table 2: Comparative test results for three personalized sentiment classification datasets (user and item attributes). The un-
derline and backbone scores respectively meant the best scores in baselines and all models in each group. Our M2A models
outperformed the previous works significantly (p<0.05) in Acc.

reviews across 16 domains from the category-attribute per-
spective (Liu, Qiu, and Huang 2017). (2) Personalized
sentiment analysis includes IMDB, Yelp-2013, and Yelp-
2014. These datasets exhibit data heterogeneities from user
and item-attribute perspectives (Tang, Qin, and Liu 2015).
Regarding annotated labels, FDU-MTL, IMDB, and Yelps
are treated as a 2-class, 10-class, and 5-class classification
problems, respectively.

For evaluation metrics, we adopt Accuracy (Acc) to mea-
sure the effectiveness of models for multi-domain sentiment
analysis. For personalized sentiment analysis, we used Acc
(primarily), Rooted-Mean Square Error (RMSE), and
Macro-F1 (F1) scores (Yuan, Zhao, and Qin 2022; Zhang
et al. 2023).

Experimental Settings

We compared our M2A framework with previous state-of-
the-art models across different datasets.

(1) For multi-domain datasets, the baselines include
BERT (Devlin et al. 2019), DAEA (Cai and Wan 2019),
BERTMaker (Yuan, Zhao, and Qin 2022), KCL-KB (Yuan
et al. 2023), and MTL (Thrun 1995).

(2) For personalized datasets, the baselines include vari-
ants of PLMs in a coarse-grained view, as well as
IPUC (Lyu, Foster, and Graham 2020), MAA (Zhang et al.
2021), GS (Zhang et al. 2023), and GNNLM (Kertkeidka-
chorn and Shirai 2023) from multi-grained perspectives.

To investigate the effect of our M2A, we introduced di-
verse PLMs as backbones, including BERT (B) (Devlin et al.
2019), RoBERTa (R) (Liu et al. 2019), and GPT2 (G) (Rad-
ford et al. 2019). We adopted FFT and PEFT for optimiza-
tion, denoted as M2Af and M2A, respectively. Here, M2A %
provided a fair comparison with previous works also using
FFT. M2A represented the coarse-grained version jointed
learned with M2A, handling non-IID-free scenarios, as dis-
cussed in §M2A Framework. All results were averaged over
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five runs. Detailed model configurations of hyperparameters
can be found in the technical appendices.

Comparative Results and Analysis

Tables 1 and 2 reported the comparative results of the pro-
posed M2A framework against previous works on multi-
domain and personalized sentiment analysis datasets.

From Table 1, when individually trained for each domain,
BERT achieved relatively the worst Acc scores. This phe-
nomenon suggested that although PLMs could gain high per-
formance in sentiment analysis, they continued encountering
challenges due to data scarcity within each domain. When
all domain datasets were gathered, multi-domain models
achieved higher performance than BERT, indicating that
more extensive and aggregated data could facilitate data-
hungry neural networks to achieve generalized performance.
B-MTL, which utilized multitask learning to handle all do-
mains, achieved competitive results. However, it treated all
samples as IID, disregarding data heterogeneities, which
led to inferior performance compared to our B-M2A. The
proposed M2A, from a Bayesian perspective, outperformed
other baselines by ensemble multiple views and encoding
robust domain features. Moreover, the results showed that
PLMs using the same transformer structure exhibited vary-
ing performance with M2A, emphasizing the importance of
selecting appropriate prior distributions (p(w) and p(x|w)).
The proposed M2A framework, which integrates both 1ID
and non-IID features, consistently outperformed other mod-
els by effectively addressing data heterogeneities and lever-
aging domain-specific information.

As shown in Table 2, models integrating multiple gran-
ularities (from user and item-attribute perspectives) outper-
formed those considering only coarse-grained views. This
demonstrated the importance of leveraging data hetero-
geneities collected from diverse sources during the down-
stream task adaptation of PLMs. Compared with GNNLM,
which introduced a graph neural work to encode robust at-
tribute or domain representations for improved performance,
our M2A provided a multitask learning method based on
BNN for the same purpose, resulting in competitive perfor-
mance across all three datasets.

Furthermore, we compared a general version of M2A (R-
M2AT) against ROBERTa. The superior performance vali-
dated that our Bayesian learning approach, combined with
joint learning, endowed M2A with a generalized capability
to handle scenarios with unclear data heterogeneities. Con-
sequently, R-M2A% obtained the best results on all three
datasets across all three metrics, suggesting the advantage
of our Bayesian learning-based M2A framework, especially
as the backbone PLMs became more powerful.

Ablation Study

The test results of the ablation study on both multi-domain
and personalized sentiment analysis are reported in Table 3.
We used BERT and GPT-2 as backbones for these investiga-
tions.

First, we gradually eliminated attribute representations
from coarse to fine-grained views. As different granulari-
ties were removed, the performance of both B-M2A% and
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Figure 3: Dev Acc of R-M2A with different multi-task.

G-M2Ai declined to different extents. This indicated in-
tegrating multi-grained information enhanced final perfor-
mance by mitigating the uncertainty of models. In personal-
ized scenarios, eliminating user non-IID information had a
more significant impact than item non-IID information, con-
sistent with previous findings (Wu et al. 2018). This was be-
cause user preferences tend to create more distinct non-IID
distributions among texts than item characteristics, revealing
the diversity among different attributes.

Next, we removed text generation tasks in the module
learning strategy to investigate the effect of the prior like-
lihood estimator p(x|w). The results for both B-M2A# and
G-M2Af decreased with the removal of p(x|w), indicating
its significance. To explore the improvements of B-M2A%
derived from p(x|w) or 15% tokens masking, we removed
p(x|w) while prevising the MLM targets and found that B-
M2A% without p(x|w) was worse than the above settings.
This phenomenon further demonstrated the effect of p(x|w)
through BNN in Eq. (4).

The Effect of Bayesian Learning

An extensive experimental analysis was conducted to in-
vestigate how Bayesian learning theoretically facilitated our
framework for text understanding.

Mixture of granularities. We initially employed differ-
ent LoRA methods to evaluate the Bayesian learning-based
mixture of multiple views. From Table 4, it was evident
that the ascendancy of LoRA over KronA had a more pro-
nounced effect on the final performance of R-M2A in coarse
views than in fine-grained views. Consequently, LORA was
adopted to sample coarse models. Since KronA had much
fewer parameters than LoRA and fine-grained views typi-
cally encompass many domains, we utilized KronA to in-
stantiate domain modules in fine-grained views.

Text generation tasks. We varied the balance factor « to
explore the impact of text generation tasks in BNN assump-
tions. As shown in Figure 3, with the introduction of text
generation tasks for optimizations, the final dev performance
was improved, demonstrating the effect of text generation
through Bayesian learning. The performance varied with dif-
ferent values of «; models with either smaller or larger val-
ues « exhibited relatively lower Acc compared to those with
an appropriate selection. This finding suggests caution when



Models FDU-MTL | IMDB | Yelp-2013 | Yelp-2014
B-M2A% 93.86 58.70 72.00 72.44
- coarse view 90.98 - - -
. - fine-grained view (user - 52.80 68.57 68.85
M2 Mixture | — ﬁne-grained View Eitem)) - 843 | 71.42 71.58
- fine-grained view (all) 92.78 52.21 67.65 67.65
. - text generation task 92.70 57.42 69.36 70.29
Module Learning |— text generation task
. 93.56 57.41 69.80 71.02
(except randomly masking)
G-M2Af% 92.92 58.10 70.41 71.79
- coarse view 91.84 - - -
. - fine-grained view (user) - 52.35 68.04 68.41
M2 Mixture | — ﬁne-zrained View (item) - 5725 | 7035 71.49
- fine-grained view (all) 92.86 51.46 67.63 67.97
Module Learning | - text generation task 92.87 56.43 70.18 70.99

Table 3: The ablative test Acc on multi-domain and personalized sentiment analysis in terms of the mixture of multiple attributes
and granularities (guided by Bayesian Inference) and module learning strategies (guided by BNN), respectively.

. Gl\éeth"‘lif‘GV IMDB | Yelp-2013 | Yelp-2014
frr | LoRA | OOM | OOM OOM
KronA | 58.60 | 72.68 7352
LoRA | | 5935 71.18 7222
KronA 57.63 63.03 6738

Table 4: Dev Acc of R-M2A with different PEFTs for
{coarse}+{fine-grained} views (denoted by CGV and
FGV). LoRA has a low rank of 64, and KronA estimates
a low-rank matrix using rank-one parameters. OOM repre-
sents out-of-memory in our settings due to large external pa-
rameters.

B-M2A% FDU-MTL
w/o text generation 92.70
w/ labeled data 93.86
w/ unlabeled data 93.65

Table 5: Test Acc of B-M2A performing different text gen-
eralization tasks.

configuring the application in practice.

To further investigate the impact of text generation tasks,
we introduced unlabeled data in each fine-grained domain
to facilitate models to learn domain modules. As shown
in Table 5, B-M2A% w/o text generation tasks represented
models optimized with p(y|x,w) on labeled data, and B-
M2A# w/ unlabeled data represented models optimized with
p(y|x,w) on labeled data and p(x|w) on unlabeled data. B-
M2A% w/ unlabeled data model achieved better results than
B-M2A% w/o generation tasks, indicating that unlabeled
domain-specific data could also leverage domain-specific
(non-IID) knowledge for fine-grained adaptations.
Connection of granularities. We compared our joint learn-
ing strategy with other ensemble methods for integrat-
ing general view representation. From Table 6, R-M2A+
achieved the best performance among all methods, demon-
strating the effect of our proposed joint learning strategy
guided by the Bayesian inference assumption. With the re-
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Connections IMDB | Yelp-2013 | Yelp-2014
RoBERTa 53.0 69.2 69.0
R-M2A w/ Avg 522 70.3 69.9
R-M2A w/ Rand 47.3 66.7 66.2
R-M2A+ 54.2 70.7 70.5
R-M2A+ w/o Sep 52.8 69.9 70.0
R-M2A+ w/o KL 53.8 70.5 704
R-M2A+ wio L3N | 53.8 703 70.1

Table 6: Test Acc of R-M2A with strategies of connecting
granularities for IID-only scenarios. Avg means averaging
all fine-grained modules for a general one. Rand randomly
selected a fine-grained module for input data. Sep represents
separation operation.

. t
moval of KL or coarse-grained losses Lﬁﬁ , the perfor-

mance of R-M2A7 degraded, revealing these losses could
facilitate our framework to connect granularities. Moreover,
R-M2A+ outperformed R-M2A+t w/o Sep, validating that

w@) was required to continue being updated for a better
generalization performance for IID-only scenarios.

Conclusions

This study proposes an M2A framework to extract data het-
erogeneities from multi-source data for fine-grained adap-
tation. Our approach introduced a Bayesian analysis to re-
think previous multi-domain-learning and attribute-injecting
methods and provided a PEFT and joint learning strategy for
facilitating PLMs’ adaptations. Experimental findings from
multi-domain and personalized sentiment analysis showed
that the proposed method could integrate models sampled
from multiple attributes and granularities to eliminate data
uncertainty. Moreover, the proposed method utilized BNN
paradigms to leverage domain modules for performance im-
provements.

Future works intend to collect a multi-view dataset that
contains more kinds of sources for further analysis and build
an automatic data heterogeneity detector to verify the effec-
tiveness of our methods.
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