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Abstract

Recent studies have shown that various biases
exist in different NLP tasks, and over-reliance
on these biases can result in poor generalization
and low adversarial robustness in models. To
address this issue, previous research has pro-
posed several debiasing techniques that effec-
tively mitigate specific biases, but are limited
in their ability to address other biases. In this
paper, we introduce a novel debiasing method,
Sparse Mixture-of-Adapters (SMOA), which
can effectively and efficiently mitigate multi-
ple dataset biases. Our experiments on Natural
Language Inference and Paraphrase Identifica-
tion tasks demonstrate that SMOA outperforms
both full-finetuning and adapter tuning base-
lines, as well as prior strong debiasing methods.
Further analysis reveals that SMOA is inter-
pretable, with each sub-adapter capable of cap-
turing specific patterns from the training data
and specializing in handling specific biases.

1 Introduction

Recent studies have shown that various biases exist
in existing datasets across different tasks, such as
Natural Language Inference (NLI)(Williams et al.,
2018a; Gururangan et al., 2018; McCoy et al., 2019;
Nie et al., 2019; Liu et al., 2020a), Paraphrase
Identification (Paral)(Zhang et al., 2019; Nighojkar
and Licato, 2021; Du et al., 2022), and Machine
Reading Comprehension (MRC)(Sugawara et al.,
2020). Models trained on these biased datasets
tend to rely on shallow patterns instead of com-
prehending the tasks, resulting in poor generaliza-
tion ability and low adversarial robustness(Geirhos
et al., 2020). However, most existing debiasing
approaches can only address a specific bias and are
not effective in mitigating multiple biases simul-
taneously (Liu et al., 2020b). These approaches
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Figure 1: Illustration of our debiasing framework us-
ing a Sparse Mixture-of-Adapters (SMOA) architec-
ture, capable of effectively mitigating multiple biases
simultaneously. Similar as multi-task learning, we
define the loss function of multi-bias mitigating as

Lg.y) =S, L(GY, y).

may improve performance on a specific adversar-
ial set, but not on other adversarial sets, and can
even harm the model’s generalization ability (as dis-
cussed in Sec.3). While some works have proposed
ensembling different debiased models to enhance
the overall generalization ability (Wu et al., 2020;
Liu et al., 2020b), this method requires significant
computational resources, making it inefficient for
real-world applications. Therefore, it is essential
to develop a debiasing technique that can handle
various biases of different dimensions without in-
curring excessive costs.

In this paper, we propose a debiasing frame-
work to effectively and efficiently mitigate mul-
tiple dataset biases. Specifically, our framework
is designed to: 1) effectively handle multiple bi-
ases simultaneously, improving performance on
all adversarial sets as good as or better than only
tuning with its own adversarial training data, and



2) efficiently reduce computational cost compared
to model ensemble methods. To achieve these
goals, we propose the Sparse Mixture-of-Adapters
(SMOA) based on adapter modules proposed by
Houlsby et al. (2019). SMOA retains the original
parameters of the backbone model fixed and sup-
ports multiple debiasing-parameters infused into
the backbone, as illustrated in Fig 1.

To effectively mitigate multiple biases, we treat
the scenario of dealing with multiple biases of dif-
ferent dimensions in one task simultaneously as
similar to multi-task learning, which we refer to
as multi-bias mitigating. Furthermore, we insert
multiple sub-adapters into the backbone model to
learn debiasing knowledge against different biases.
These sub-adapters act as specialized experts to
handle specific biases. SMOA outputs different rep-
resentations for different types of debiasing knowl-
edge without tuning the backbone model, which
helps retain previously learned information while
learning new information and preserves the model’s
generalization ability. To ensure efficiency in real-
world applications, we employ sparse-gate to select
sub-adapters, which consumes the same computa-
tional cost as the Adapter method in the inference
phase. Compared to tuning the entire backbone
model, SMOA only tunes around ~3.57% of to-
tal parameters (i.e., only the selected sub-adapters
and the sparse gates are tuned with the mixture of
adversarial sets for different biases).

Our experiments on two of the most studied NLP
tasks, NLI and Paral, show that SMoA can effec-
tively improve model robustness in multiple bias di-
mensions. Our method outperforms previous debi-
asing approaches while only tuning approximately
3.57% of total parameters, as discussed in Sec. 3.
In summary, our contributions are as follows:

1) We propose a novel framework SMOA, which
can handle multiple biases simultaneously by
learning from multiple adversarial datasets, as
described in Sec.2.

2) Our experiments demonstrate the effec-
tiveness and efficiency of SMoA. For
the NLI task, SMoA outperforms two-
stage full fine-tuning by 1.22% on aver-
age, achieving up to 1.08% improvement
for hypothesis-only bias (Liu et al.,
2020a), 0.61% for inter—-sentences
bias (McCoy et al., 2019), and 3.04%
for lexical feature bias (Nie et al.,
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Figure 2: An illustration of the SMOA model’s architec-
ture, which consists of a sparse gating network (Shazeer
et al., 2017) that controls a mixture-of-adapter layer
with n sub-adapters after each multi-head attention and
feed-forward network layer.

2019), while tuning only about 3.57% of pa-
rameters. Similar results are shown on the
Paral task. Our analysis of model predic-
tion behaviors indicates that our trained sub-
adapters can specialize to handle specific bi-
ases, as discussed in Sec.3.

2 Sparse Mixture of Adapters

In this section, we first introduce three common
types of biases in Natural Language Understanding
(NLU) tasks. We then present the Sparse Mixture-
of-Adapters (SMOA), which is designed to effec-
tively and efficiently mitigate multiple biases.

2.1 Biases in NLU Tasks

Intuitively, a model trained on a basic dataset has
the basic competency to solve the fundamental
NLP task but may lack some fine-grained sub-
competencies, leading to poor performance on out-
of-domain or adversarial datasets. This deficiency
in sub-competencies often manifests as a bias and
can be seen as a "Gordian Knot" in an NLP task.
We investigate the typical biases in NLU tasks and
classify them into the following three types:

1) Lexical feature bias: Previous works (Nie
et al., 2019; Gardner et al., 2021; Du et al.,
2022) have shown that spurious correlations
between words and labels exist in many
datasets. Models fine-tuned on these datasets



tend to over-rely on the lexical features of ex-
amples rather than understanding the tasks,
and assign labels highly correlated with spe-
cific biased words in these examples without
comprehending the sentence meaning.

2) Partial-input only bias: Previous works have
shown that a large number of examples in a
dataset can be solved using only partial input.
For example, Gururangan et al. (2018); Liu
et al. (2020a) found that models can perform
surprisingly well with only the hypothesis ac-
cessible on SNLI (Bowman et al., 2015) and
MNLI (Williams et al., 2018b), referring to
this phenomenon as hypothesis-only bias. In
addition, some works have shown that models
for Machine Reading Comprehension (MRC)
also exploit similar heuristics. (Sugawara
et al., 2020) showed that most questions in
MRC datasets that are already correctly an-
swered by the model do not necessarily re-
quire grammatical and complex reasoning, but
only rely on content words or partial context.

3) Inter-sentences bias: Model’s over-reliance
on inter-sentences overlap heuristics has
been widely studied in sentence (text) pair
tasks. For instance, McCoy et al. (2019)
demonstrated that models trained on MNLI
(Williams et al., 2018b) may adopt three
fallible syntactic heuristics: lexical overlap
heuristic, sub-sequence heuristic, and the con-
stituent heuristic. Similar heuristics have also
been found by (Zhang et al., 2019) in Para-
phrase Identification tasks. They showed that
models often predict "Paraphrase"” for a sen-
tence pair based on high lexical overlap.

2.2 Sparse Mixture-of-Adapters

Model architecture. Recent works have demon-
strated that Parameter-Efficient Tuning (PET)
brings significant improvements in multi-task learn-
ing scenarios (Pfeiffer et al., 2021a). Dealing with
different biases simultaneously can be seen as a
similar scenario to multi-task learning, and we re-
fer to it as multi-bias mitigating. To mitigate multi-
ple biases simultaneously, we propose the Sparse
Mixture-of-Adapters (SMOA) method. SMOA in-
corporates a mixture-of-adapter layer (consisting of
n sub-adapters) after each multi-head attention and
feed-forward network layer, which is controlled by
a sparse gating network (Shazeer et al., 2017).

The model architecture is illustrated in Fig. 2.
In a transformer-based backbone model (Vaswani
etal., 2017), a SMOA layer A is inserted after each
multi-head attention and feed-forward network
layer. SMOA layer A consists of n sub-adapters
(A = {a1,az2,...,a,}), and the sub-adapters are
controlled by a sparse gating network. Compared
to non-sparse gating (Jordan and Jacobs, 1993), a
sparse gating network multiplies the input = by
a trainable weight matrix W, keeps only the top
k values to ensure sparsity, and then applies the
softmax function o(+), which can be denoted as
follows:

G(x) = o(topK (W, k)) €))
where

V; if v; is top k element of v,

tOpK(U, k)l = { .
—o0  otherwise.

2)

For a SMOA layer, given an input x from the
previous layer, the sparse gating network computes
the weight for each sub-adapter and only keeps the
top k values. The top k sub-adapters with their
corresponding weights are then used to compute
the output of the layer, which is a weighted sum of

the outputs of the selected sub-adapters:

n
Ospion = »_ G(x)iai(x) 3)
i=1
where n is the number of sub-adapters. Then
the output will be passed into next layer with
Add&Norm (He et al., 2016; Ba et al., 2016). !

Multi-bias loss. Similar as multi-task learning,
the loss function of multi-bias mitigating is defined
as

L(g,y) =Y _LHY,y") )
=1

where m adversarial datasets against m biases are
learned. y(* and y@ represent labels and predic-
tions for m-th datasets respectively.

Debiasing Training. During the training phase,
we use the model finetuned on basic datasets as the
backbone model M. We freeze the parameters of
M and only fine-tune the inserted SMOA layers
with a mixture of adversarial datasets against dif-
ferent biases. By freezing the parameters of the

'In practice, if there are m adversarial datasets against

m biases respectively, we set the number of sub-adapters as
2m — 1 and k as 2 (if m is more than 2).



backbone model, we can avoid substantial changes
to the model’s parameters and retain knowledge
from previous basic datasets as much as possible.
Moreover, training different parts of the model for
different biases allows us to effectively deal with
multiple biases at the same time.

3 Experiments

To examine the effectiveness and efficiency of
SMOA, we apply this framework two of the most
studied NLU tasks, NLI and Paral. We first fo-
cus on the NLI task, where several works on bias
analysis and debiasing methods have been pro-
posed. In Sec.3.3, we experiment with the Paral
task, which previous works have shown suffers
from inter-sentence bias. In Sec.4.1, we discuss
the parameter efficiency of SMOA. In Sec.4.2, we
conduct a behavior analysis to examine how sub-
adapters work to handle different biases. Finally, in
Sec.4.3, we compare SMOA with other debiasing
methods.

3.1 Experimental Setup

Baselines. We consider two baseline approaches
for mitigating biases with adversarial data. The first
approach is a two-stage learning approach, which
involves further fine-tuning a model that has al-
ready been trained on the basic training set with
adversarial data for a specific bias. This approach
can also be extended sequentially with multiple ad-
versarial datasets to address multiple biases. We
refer to this approach as TWO STAGES LEARNING.
The second baseline approach is a one-stage learn-
ing approach, which involves direct fine-tuning of
the model using a training dataset that consists of
both basic and adversarial data. We refer to this
approach as ONE STAGE LEARNING. We conduct
experiments to compare the effectiveness of these
two approaches with our proposed SMOA method.

Training Details. We employ RoBERTa-base
model as the backbone for both NLI and Paral
tasks. We consider three different biases for each
task and set the number of sub-adapters n to five, re-
taining the top 2 values for each SMOA layer. The
model is trained using a learning rate of 0.0003, the
AdamW optimizer, and a linear learning rate sched-
uler for five epochs. The evaluation of the model’s
performance is based on the accuracy metric.

3.2 Natural Language Inference

The Natural Language Inference (NLI) task in-
volves assessing whether a hypothesis h is en-
tailed by a given premise p (Bowman et al.,
2015). Previous studies have identified vari-
ous biases that exist within NLI datasets, in-
cluding hypothesis-only bias (Gururan-
gan et al.,, 2018; Williams et al., 2018a; Liu
et al., 2020a), inter—-sentence bias (Mc-
Coy et al, 2019), and lexical feature
bias (Nie et al., 2019; Du et al., 2022). In this
subsection, we conduct experiments to evaluate
the ability of SMOA to effectively mitigate these
biases within NLI simultaneously.

3.2.1 Data

Training data. For our experiments on NLI, we
augment the MNLI (Williams et al., 2018b) ba-
sic dataset with three adversarial datasets that
target different biases: <HARD>, designed to
mitigate the hypothesis-only bias and fil-
tered from the MNLI training set; <LLS>,
which targets lexical feature bias and
is also filtered from the MNLI training set; and
<HANS> (McCoy et al., 2019), which targets
inter—-sentence bias.

Evaluation data. We evaluate our models on the
NLI adversarial benchmark (Liu et al., 2020b) to
obtain an overview of their abilities. The bench-
mark includes four different test sets, each de-
signed to evaluate a specific type of bias: PI-
CD and PI-SP for hypothesis-only bias,
IS-SD for inter-sentences bias, IS-CS
for lexical feature bias, and ST for both
inter—sentences and lexical feature
bias. We provide details on the construction,
statistics, and other information of the benchmark
in Appendix A.1.

3.2.2 Experimental Results

Our experiments were conducted using the
RoBERTa-base model (Liu et al., 2019). As de-
scribed in Section 3.1, we compared two ways of
model learning on basic training sets and adver-
sarial sets: TWO STAGES LEARNING and ONE
STAGE LEARNING. The experimental results on
the NLI adversarial test benchmark and MNLI in-
domain test set are presented in Table 1.

Two Stages Learning. In the TWO STAGES
LEARNING approach, we first train the pre-trained
RoBERTa-base model on the basic training dataset



PI-CD PI-SP IS-SD IS-CS LI-LI LI-TS ST Avg.  MNLI (id test)
Roberta-base Baseline 75.87 79.51 7153 71.8 89.33 85.04 7243 7793 8744
TWO STAGES LEARNING
full tuning 7522 8329 86.33 74.70 86.11 85.53 7037 80.22 85.06
adapter tuning 76.17  83.02 85.11 7454 90.55 8570 71.05 80.88 86.50
SMoOA 7544 84.37 86.94 77.74 89.77 8570 70.11 81.44 85.15
ONE STAGE LEARNING
full tuning 76.39 81.40 8586 73.17 8820 8568 71.79 80.36 87.47
adapter tuning 7541 81.13 86.26 72.87 90.40 8524 72.75 80.58 87.42
SMOA 76.44 81.67 86.23 7454 89.17 8536 7245 80.84 87.87
Ablation Experiment
(MNLI) + <HARD> 75.04 8598 74.67 7439 90.09 8585 67.37 79.06 8391
(MNLI) + <HANS> 7271 7898 87.26 70.12 88.78 84.59 71.63 79.15 85.67
(MNLI) + <LLS> 7498 77.09 7549 72.10 87.62 84.60 6994 77.40 86.56
Model Ensemble 74.89 8140 77.56 73.02 89.44 8585 70.67 7898 86.87

Table 1: Results of ROBERTa-base model on the NLI adversarial test benchmark proposed by (Liu et al., 2020b)
and in-domain MNLI test set. Bold face and underlined indicate the first and second highest performance on each

test set.

MNLI, and the finetuned model is used as the
backbone. Next, we combine the three augmented
datasets ( <HARD> , <LLS> ,and <HANS> )and
train the model using one of three approaches: full
tuning (tuning the entire ROBERTa-base model),
adapter tuning (only tuning the inserted adapter
layers), and SMOA (only tuning the inserted
SMOA layers) with the mixed adversarial datasets.
As shown in Table 1 under TWO STAGES
LEARNING, the proposed SMOA method outper-
forms the baselines (i.e., only finetuning RoBERTa-
base with the MNLI training set), full tuning, and
adapter tuning methods across almost all categories
of the NLI adversarial test benchmark. Specifi-
cally, SMOA significantly outperforms the baseline
across all categories except for a slight decrease on
PI-CD and ST, yielding an average gain of 3.5%.
Compared to full tuning and adapter tuning, SMOA
produces an average improvement of 1.22% and
0.56% respectively. Notably, compared to full tun-
ing, SMOA shows an improvement of 1.08% on
PI-SP (hypothesis-only bias), 0.61% on
IS-SD (inter—-sentences bias), and 3.04%
on IS-CS (lexical features bias). Over-
all, SMOA yields an average gain of 1.22% (col-
umn Avg.) while only tuning 3.57% of the parame-
ters (as discussed in Sec. 4.1), demonstrating that
the proposed framework is capable of mitigating
multiple biases simultaneously in the NLI task.

One Stage Learning. We compared the experi-
mental results of TWO STAGES LEARNING with
ONE STAGE LEARNING, which involves training

with the original dataset and multiple adversarial
datasets all at once. As shown in Tab. 1, for adapter
tuning and SMOA on the NLI adversarial bench-
mark, the TWO STAGES LEARNING strategy out-
performs ONE STAGE LEARNING; for full tuning,
ONE STAGE LEARNING is slightly better. Fur-
thermore, when using the ONE STAGE LEARNING
strategy, SMOA brings considerable improvements
(0.48% and 0.25%) compared to full tuning and
adapter tuning. Regarding the in-domain perfor-
mance, as shown in column MNLI, although Two
STAGES LEARNING brings larger improvement on
the NLI adversarial test benchmark, SMOA with
ONE STAGE LEARNING demonstrates better per-
formance on the in-domain MNLI test set.

Ablation experiment. To analyze the effect
of each adversarial training set individually, we
trained the entire MNLI-trained model with the
<HANS>, <HARD>,and <LLS> datasets sepa-
rately. The ablation experiments presented in Table
1 demonstrate that each augmented dataset brings
significant improvements on their corresponding
bias: training with <HARD> brings a 6.47% im-
provement on the PI-SP subsection, <HANS>

brings a 15.73% improvement on the IS-SD sub-
section, and <LLS> brings a 0.3% improvement
on the IS-CS subsection. It is worth noting that
training with <HARD> demonstrates greater im-
provement on the IS-CS subsection than <LLS>,
the augmented dataset targeting only lexical
feature bias. However, an improvement in a
specific bias can result in a decrease in other biases.



As shown in the Avg. column of Table 1, single-
tuning performs poorly on average performance,
and SMOA performs better overall. Moreover, we
ensemble the above three full-tuned models and
used majority voting for predictions. The ensemble
model shows better performance on the in-domain
test set compared to single-tuning, but its perfor-
mance on adversarial test sets is not as good.

In general, SMOA can address multiple biases si-
multaneously and shows significant improvements
on adversarial robustness evaluation sets while tun-
ing fewer parameters.

3.3 Paraphrase Identification

Furthermore, we consider the Paraphrase Identi-
fication (Paral) task, which involves determining
if a given sentence pair (sl and s2) carries the
same meaning. However, previous studies, such as
(Zhang et al., 2019; Nighojkar and Licato, 2021),
have highlighted the limitations of existing Paral
datasets, which lack sentence pairs with high lexi-
cal and syntactic overlap that are not paraphrases,
as well as pairs with low overlap that are para-
phrases. As a result, models trained on these
datasets tend to predict sentence pairs with high
overlap as "Paraphrase" and those with low overlap
as "Non-paraphrase,” leading to failures in real-
world scenarios. Moreover, (Du et al., 2022) re-
vealed that Paral models suffer from lexical
feature bias, where models rely too heavily
on spurious relations between labels and words.

3.3.1 Data

Training Data. For the basic training of our
Paral models, we use the Quora Question Pairs
(QQP) dataset®. For adversarial training, we use
three adversarial datasets proposed by (Zhang
et al., 2019; Nighojkar and Licato, 2021; Du et al.,
2022): PAWS (against high-overlap bias),
APT (against low—overlap bias), and LLS
(against lexical feature bias).

Evaluation Data. We evaluate our models on
four evaluation datasets: PAWSqqp, PAWSii,
APT and LLS.

As there is no available evaluation dataset for
models’ compositionality sensitivity in Paral task,
we follow (Du et al., 2022) and filter out unbiased
examples from the QQP training set as the LLS
training set, and unbiased examples from the QQP

*https://data.quora.com/First-Quora-Dataset-Release-
Question-Pairs

test set as the LLS evaluation set. For more detailed
data statistics on the adversarial Paral datasets,
please refer to Appendix A.2.

3.3.2 Experimental Results

We use a pre-trained RoBERTa-base model that has
been fine-tuned on the QQP dataset (Liu et al.,
2019) as the backbone model for our SMOA
method, and we train it with the augmented dataset
consisting of the three adversarial datasets men-
tioned above (TWO STAGES LEARNING). Similar
as Sec. 3.2.2, we compare our method with full
tuning and adapter tuning. Tab. 2 presents the
experimental results of RoBERTa-base on Paral
adversarial test benchmark and in-domain QQP
test set. Our results indicate that SMOA outper-
forms baseline on all adversarial evaluation sets,
with accuracy improvements ranging from 1.77%
to 53.03%. In comparison with full tuning and
adapter tuning, SMOA yields better performance
on PAWSqop and APT by 0.44% and 1.11%, re-
spectively. However, all three strategies exhibit
poor performance on in-domain QQP test set and
LLS evaluation set, probably because the original
QQP dataset does not suffer from lexical feature
bias to a significant extent, resulting in similar dis-
tributions between the LLS evaluation set and the
QQP test set.

4 Analysis

4.1 Parameter Efficiency Analysis

The experimental results have demonstrated that
SMOA is an effective method for addressing mul-
tiple biases simultaneously. Here we examine the
parameter efficiency of SMOA. As shown in Tab.
6, SMOA only tunes 3.70% of the parameters com-
pared to full tuning. Furthermore, when compared
to debiasing methods that rely on model ensem-
bling, SMOA exhibits even greater gains in param-
eter efficiency.

4.2 Sub-adapters’ Behavior Analysis

We hypothesize that each trained sub-adapter is ca-
pable of capturing specific patterns from the train-
ing data and learning to handle specific biases. To
verify this hypothesis, we analyze the distribution
of the top 2 selected sub-adapters for each adversar-
ial subset of the NLI adversarial benchmark (Liu
et al., 2020b). We calculate the distribution for
each SMOA layer of our trained model in Section
3.2 and observe that the distribution for each adver-



PAWSqop PAWSwixki APT LLS  Avg. QQP (id test)
RoBERTa-base Baseline 39.14 47.11 69.94 9149 6192 9147
TWO STAGES LEARNING
full tuning 89.66 81.36 77.16 88.41 84.14 88.19
adapter tuning 91.73 81.70 77.16 88.98 84.89 87.28
SMoA 92.17 81.71 78.27 88.05 85.05 87.72

Table 2: For Paral task, we train on QQP finetuned model with augmented datasets composed of PAWSqqp, APT
and LLS train sets using three different strategies: full tuning and adapter tuning and SMOA. The table shows the
accuracy on in-domain test set QQP, and PAWSqqp, APT, LLS, PAWSwik; evaluation sets.
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Figure 3: The Pearson’s correlation coefficients of top
2 sub-adapters distribution of the last SMOA layer be-
tween different adversarial subsets of the NLI adversar-
ial benchmark (Liu et al., 2020b).

sarial subset is nearly identical in the low layers.
However, in the high layers, the distribution for
each adversarial subset differs from one another
and exhibits correlations.

We present the Pearson’s correlation coefficients
of the sub-adapter distribution in the last layer for
each adversarial subset in Figure 3. Our analysis re-
veals that the distributions of selected sub-adapters
exhibit higher correlation scores for subsets that
have higher similarities. For instance, the correla-
tion coefficient is up to 0.9 for subsets PI-CD and
PI-SP, both of which are constructed with Partial-
input (PI) heuristics. In contrast, the correlation
score of selected sub-adapters is low, at -0.23, be-
tween subsets IS-SD and ST-NE, which have a
surrogate correlation score of only 32.9/100, as
reported by Liu et al. (2020b).

The experimental results indicate that examples
with similar biases tend to be handled by the same
set of sub-adapters. This suggests that SMOA not
only adds more parameters but can also specialize
in handling specific biases.

4.3 Comparison with other Debiasing
Methods

We conducted further experiments on the NLI
task using a BERT-base model as the backbone
to compare the effectiveness of SMOA with pre-
vious methods. As presented in Table 3, the re-
sults demonstrate that when using a BERT-base
model that has been fine-tuned on MNLI as the
backbone and further training it on the adver-
sarial datasets using the TWO STAGES LEARN-
ING, SMOA significantly outperforms the base-
line across all categories except for a minor de-
crease on ST, with an average gain of 6.9%. More-
over, when compared to full tuning and adapter
tuning, SMOA yields better performance on PI-
CD, PI-SP, IS-SD, and IS-CS, with an average
gain of 1.24% and 1.5%, respectively. Notably,
SMOA shows a 4.31% improvement on PI-CD
(hypothesis-only bias), 2.57% on IS-SD
(inter—-sentences bias), and 2.75% on IS-
CS (lexical feature bias). Surprisingly,
SMOA demonstrates negligible drops in in-domain
performance for the BERT-base model, indicating
its ability to mitigate multiple biases simultane-
ously while preserving the model’s in-domain ca-
pability.

In Tab. 3, we compare our method with various
data-augmentation methods proposed by Liu et al.
(2020b). The results demonstrate that SMOA out-
performs these methods by an average of 5.28%.
These data-augmentation methods are designed to
address only a single bias and are comparatively
simple. Additionally, (Wu et al., 2022) proposed a
data-generation-debiasing method to mitigate spuri-
ous correlations. Compared to this method, SMOA
shows a better performance of 2.71% on average,
particularly 1.74% and 1.98% improvements for
hypothesis-only bias.



PI-CD PI-SP 1S-SD IS-CS LI-LI LI-TS ST Avg. MNLI
BERT-base Baseline 70.3;&),5 73-7:|:1.4 53.5:5:2‘3 6448:5:1‘4 85.5:5:0.9 81.6:}:1,4 69.2:}:0_8 712:}:0.8 83.5
TWO STAGES LEARNING
full tuning 73.08 75.47 85.84 66.46 86.21 84.04 67.01 76.87 82.52
adapter tuning 73.35 74.12 83.75 67.07 87.31 83.38 67.15 76.59 83.07
SMoA 73.44 79.78 88.41 69.82 85.03 83.39 66.91 78.11 83.41
Data-augmentation heuristics proposed by (Liu et al., 2020b)
Text Swap 71.7 72.8 63.5 67.4 86.3 86.8 66.5 73.6 83.7
Sub (synonym) 69.8 72.0 62.4 65.8 85.2 82.8 64.3 71.8 83.5
Sub (MLM) 71.0 72.8 64.4 65.9 85.6 83.3 64.9 72.6 83.6
Paraphrase 72.1 74.6 66.5 66.4 85.7 83.1 64.8 73.3 83.7
Prior debiasing strategies
(Wu et al., 2022) 717409 7778412 6069437 T7l.lig7 891419 823409 69.3108 75.44109s 82.70

Table 3: Results on the adversarial benchmark proposed by (Liu et al., 2020b). We compared our method with
full tuning and adapter tuning, data augmentation as well as other prior debiasing strategies. Due to experiments’
compatibility, we directly report the results from previous works.

5 Related Work

Bias Analysis and Evaluation. Spurious corre-
lations in existing datasets have been extensively
studied across various NLP tasks. For example,
previous work has demonstrated that NLI systems
suffer from hypothesis-only bias (Gururangan et al.,
2018; Liu et al., 2020a), inter-sentence bias (Mc-
Coy et al., 2019), and lexical features bias (Nie
et al., 2019). For paraphrase identification, biases
have also been widely studied (Zhang et al., 2019;
Nighojkar and Licato, 2021). In addition, some
work has attempted to analyze spurious correla-
tions from a theoretical perspective (Gardner et al.,
2021; Du et al., 2022).

Debiasing Methods. Previous debiasing meth-
ods have addressed biases from either the model
level or the dataset level. At the model level, Teney
et al. (2020) introduced a new training objective
that utilizes counterfactual examples for debiasing,
while Belinkov et al. (2019a,b); Zhou and Bansal
(2020) propose to learn less biased representations
for input. Clark et al. (2019); He et al. (2019);
Karimi Mahabadi et al. (2020) deal with specific
biases by ensembling a bias-only model with the
main model or weakening the impact of biases
via re-weighted training examples given by a bias
model. At the dataset level, Sakaguchi et al. (2019);
Bras et al. (2020) propose filtering the existing
dataset to obtain a debiased one. Furthermore, a
series of data augmentation strategies proposed by
(Ross et al., 2021; Wu et al., 2021; Wang et al.,
2021; Reid and Zhong, 2021; Ross et al., 2020; Liu
et al., 2020b) have demonstrated improvements in
robustness. Wu et al. (2022) combine data augmen-

tation with dataset filtering to mitigate spurious
correlations in existing datasets.

Parameter Efficient Learning. Previous work
has shown that Parameter Efficient Learning (He
etal.,2021; Ding et al., 2022), including techniques
such as prompt tuning (Lester et al., 2021), prefix
tuning (Li and Liang, 2021), and adapter tuning
(Houlsby et al., 2019), can achieve comparable or
better performance and robustness than full fine-
tuning, while using significantly fewer parameters
(Liu et al., 2021; He et al., 2021; Liu et al., 2022).
Pfeiffer et al. (2021a) proposed an adapter-based
framework for incorporating knowledge from mul-
tiple tasks, achieving significant success in multi-
task learning. Strategies for ensembling multiple
adapters have been explored in Wang et al. (2022),
Asai et al. (2022), Wang et al. (2020), and Pfeiffer
et al. (2021b). While previous work has signifi-
cantly improved model performance on specific
sets, the question of whether Parameter Efficient
Learning can be used to simultaneously mitigate
multiple biases for one task remains largely unex-
plored.

6 Conclusion

Most existing debiasing methods tend to focus on
addressing one specific type of bias, which can
result in significant improvements on particular ad-
versarial test sets, but fail on others. However, in
real-world applications, multiple biases may exist
simultaneously, which requires an effective and ef-
ficient approach to mitigate them. To address this
issue, we propose the Sparse Mixture-of-Adapters
(SMOA) method. Our experimental results on the



Natural Language Inference (NLI) and Paraphrase
Identification (Paral) tasks demonstrate that SMOA
outperforms previous debiasing methods across var-
ious types of biases. Additionally, we conduct an
analysis to examine the interpretability of SMOA
and show that the sub-adapters in SMOA can spe-
cialize to handle specific biases, providing a more
fine-grained understanding of how SMOA miti-
gates multiple biases.

Limitation

It is important to note that while SMOA has shown
promising results in mitigating multiple biases, the
addition of sparse gates and the selection of sub-
adapters can potentially increase the model’s in-
ference time. This trade-off between performance
and efficiency must be carefully considered when
implementing the SMOA architecture in real-world
applications. Additionally, when new bias types
are introduced, the SMOA architecture may need
to be retrained to effectively handle these new bi-
ases, which is a potential limitation of the current
approach. In future work, we will explore ways
to further improve the effectiveness and efficiency
of our debiasing approach. One possible direction
for future research is to investigate methods for
efficiently updating the SMOA architecture with
new bias types, without having to retrain the entire
model.
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A Dataset Details

A.1 Natural Language Inference

1. Adversarial training sets
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HARD and LLS are filter in MNLI training set,
and HANS is proposed in (McCoy et al., 2019).
Data statistics are provided in Tab. 4.

1) HARD: To against hypothesis-only bias in
NLI, as (Gururangan et al., 2018; Williams
et al., 2018a), we use a finetuned external
model (RoBERTa-large (Liu et al., 2019)) to
filter the examples in original MNLI training
set that are not correctly classified if only hy-
pothesis is provided to construct a adversarial
dataset HARD.?

2) LLS: As (Du et al., 2022), who define the
word highly co-occurring with a specific label
as biased word of a dataset, we analysis the
co-occurrence of words in MNLI training set
and specific labels to obtain the biased words,
and filter out the examples not containing any
biased words ("unbiased examples") as LLS*
We expect to mitigate model’s over-reliance
on the lexical feature bias by incorporating
the debiased dataset LLS into training.

3) HANS: Except above two augmented datasets
filtered from original training set, we con-
sider an existing dataset HANS (McCoy et al.,
2019). HANS provides a training set and
an evaluation set. HANS evaluation set in-
cludes premise-hypothesis pairs with high lex-
ical, sub-sequence and constituent overlap
but not semantically entailable where model’s
overlay heuristics fail. We use HANS train-
ing set, and aim to mitigating model’s inter-
sentences bias. In their original training set,
there are only two labels (entailment and non-
entailment), because they think the distinction
between contradiction and neutral was often
unclear for their cases. In order to use this
dataset for training a three-class classification
model, we label the "non-entailment" subset
with an external large finetuned model, filter
out as "entailment" incorrectly classified ex-
amples, merge with "entailment" subset and
balance the label distribution.

2. Adversarial test sets We use NLI adversarial
test benchmark (Liu et al., 2020b) as test sets.

*In the original MNLI training set, there are many exam-
ples cannot be correctly classified with only hypothesis. We
randomly select 40500 label balanced examples as train set
and 4500 as dev set.

*We choose the words with frequency > 3 and most possi-
ble label ratio frequency > 0.385 as biased word. We balance
the unbiased examples set and split it as train and dev subset.

| HARD HANS LLS
train | 40500 3261 37065
dev | 4500 363 4119

Table 4: Data statistics of adversarial datasets of NLI.

1) Partial-input (PI) heuristics:

PI-CD: a subset of SNLI test set built by (Gu-
rurangan et al., 2018) aiming to hypothesis-
only bias, also known as SNLI-hard.

PI-SP: a subset of MultiNLI mismatched dev
set built by (Liu et al., 2020a) aiming to sur-
face patterns heuristics in NLI.

2) Inter-sentences (IS) heuristics:

IS-SD: syntactic diagnostic dataset HANS
(McCoy et al., 2019).

IS-CS: (Nie et al., 2019) compute the ’lexi-
cally misleading scores (LMS)’ for each in-
stance in the SNLI test and MNLI dev sets
using a softmax regression model to measure
the importance of compositional information
(not only lexical features) for solve this exam-
ple. IS-CS is the subset whose LMS are larger
that 0.7.

3) Logical-inference (LI) ability:

LI-LI: lexical inference test dataset by (Glock-
ner et al., 2018; Naik et al., 2018).

LI-TS: adversarial examples created by swap-
ping the premise and hypothesis aiming to
first-order logical inference ability (Minervini
and Riedel, 2018; Wang et al., 2018).

4) Stress test (ST): An aggregation of “word
overlap”, “negation” , “length mismatch” and

“spelling errors” tests in (Naik et al., 2018).

A.2 Paraphrase Identification

Tab. 5 presents the data statistics of adversarial
datasets of Paral task, PAWSqqp, APT and LLS.
For PAWSqop and APT, we split the original train
sets as our train and dev subsets.

PAWSoop APT LLS
train | 10788 3370 9000
dev | 1200 376 1000
test | 677 1262 1398

Table 5: Statistics of adversarial datasets of Paral task.



B Parameter Efficiency Analysis

Tab. 6 demonstrates comparison of the number of
parameters and forward time of RoOBERTa-base and
SMoA.

SMoA RoBERTa-base Ratio
#total parameters 129258939 124647939 1.0370
#trainable parameters 4611000 124647939 0.0370
trainable ratio 3.57% 100% 0.0357
forward time (s) 0.2356 0.0863 2.7300

Table 6: Comparison of the number of parameters
and forward time of vanilla RoOBERTa-base model and
SMOA (with 5 sub-adapters). The inference time is
tested using a single A100-SXM4-40GB.



