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Abstract

Multimodal sentiment analysis (MSA) is an emerging research
topic that aims to understand and recognize human sentiment
or emotions through multiple modalities. However, in real-
world dynamic scenarios, the distribution of target data is al-
ways changing and different from the source data used to train
the model, which leads to performance degradation. Com-
mon adaptation methods usually need source data, which
could pose privacy issues or storage overheads. Therefore,
test-time adaptation (TTA) methods are introduced to improve
the performance of the model at inference time. Existing TTA
methods are always based on probabilistic models and uni-
modal learning, and thus can not be applied to MSA which
is often considered as a multimodal regression task. In this
paper, we propose two strategies: Contrastive Adaptation and
Stable Pseudo-label generation (CASP) for test-time adapta-
tion for multimodal sentiment analysis. The two strategies
deal with the distribution shifts for MSA by enforcing consis-
tency and minimizing empirical risk, respectively. Extensive
experiments show that CASP brings significant and consistent
improvements to the performance of the model across vari-
ous distribution shift settings and with different backbones,
demonstrating its effectiveness and versatility.

Code — https://github.com/zrguo/CASP

1 Introduction

Multimodal Sentiment Analysis (MSA) aims to understand
and interpret human sentiment or emotions expressed through
multiple modalities such as text, video and audio. Compared
to traditional multimodal sentiment analysis which focuses
on analyzing text data to determine the sentiment or emotion
associated with a particular piece of text, MSA combines
information from various modalities to gain a deeper un-
derstanding of sentiment. With the success of multimodal
learning, MSA has attracted much attention (Zadeh et al.
2016; Tsai et al. 2019; Guo, Jin, and Zhao 2024). However,
in real-world dynamic scenarios, the test data distribution is
always changing which could lead to performance degrada-
tion of the model. For example, the model is trained on a
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Figure 1: Test-time adaptation for multimodal sentiment anal-
ysis. The source domain data is used for source model train-
ing and is unavailable during the adaptation process. The
target domain data is unlabeled.

multimodal sentiment analysis dataset in English but tested
on a Chinese dataset, or the model is trained on a dataset with
no background noise in the audio modality but tested on a
dataset with a lot of background noise in the audio modality.
Besides, in the video modality, different people have different
facial traits. All of these things can be regarded as distribution
shifts during the test stage and could lead to performance
degradation of the model.

To address distribution shifts at test time, Test-Time Adap-
tation (TTA) is proposed (Wang et al. 2020). TTA aims at
overcoming the distribution gaps between source and target
domains during test time without accessing the source data
and the labels of the target data (Wang et al. 2020). Fig-
ure 1 presents the setting of TTA for MSA. However, existing
methods can not be applied to MSA for two main reasons.
On the one hand, MSA is often regarded as a regression
task (Bagher Zadeh et al. 2018; Tsai et al. 2019) where the
label is a score representing the intensity of the sentiment.
However, most existing methods (Wang et al. 2020; Chen
et al. 2022; Wang et al. 2022; Zhang, Levine, and Finn 2022)
are based on probabilistic models for classification. For ex-
ample, Wang et al. (2020) propose entropy minimization for
adaptation which is a function for classification tasks and
can not be applied to regression tasks. On the other hand,
MSA is a multimodal task whereas existing methods mainly



focus on unimodal tasks, overlooking the property of multi-
modal data and thus can not be applied to MSA. For instance,
Zhang, Levine, and Finn (2022) perform different data aug-
mentations on images to estimate marginal output distribution
averaged over augmentations. However, it is hard to imple-
ment data augmentations on multimodal data, especially on
extracted features instead of raw data.

Based on the above observations, in this paper, we propose
Contrastive Adaptation and Stable Pseudo-label generation
(CASP) for test-time adaptation for multimodal sentiment
analysis. Specifically, our adaptation process has two stages:
1) we introduce a contrastive adaptation strategy via modality
random dropout to enforce consistency and improve the gen-
eralization ability of the model, meanwhile generating pseudo
labels every few epochs and ii) we calculate the average value
of the difference between the pseudo labels generated in stage
one to select high-confident pseudo labels for self-training.
The two stages deal with the TTA problem for MSA from
two perspectives. Concretely, the contrastive adaptation strat-
egy adapts the model by consistency regularization while the
self-training with stable pseudo labels adapts the model by
minimizing the empirical risk.

We conduct extensive experiments on three multimodal
sentiment analysis datasets: CMU-MOSI (Zadeh et al. 2016),
CMU-MOSEI (Bagher Zadeh et al. 2018) and CH-SIMS (Yu
et al. 2020). We use different backbones to validate CASP’s
universality. The results show that CASP outperforms all
the baselines significantly and consistently, demonstrating
its superiority and versatility. Then, ablation experiments are
conducted to measure the contribution of contrastive adapta-
tion and stable pseudo labels and for a better understanding
of CASP. To summarize, our contributions are as follows:

* We propose test-time adaptation techniques CASP for
multimodal sentiment analysis to alleviate the distribution
shifts between the source domain and target domain data.
To the best of our knowledge, CASP is the first TTA
method for multimodal regression tasks.

* We propose two novel strategies to address the distribu-
tion shifts of the target domain: contrastive adaptation to
enforce consistency and stable pseudo-label generation to
minimize the empirical risk.

We show that CASP brings significant and consistent per-
formance improvements to TTA for MSA across a range
of settings and different backbones. The experimental re-
sults demonstrate the superiority and versatility of CASP.

2 Related Work

Multimodal Sentiment Analysis. Multimodal Sentiment
Analysis (MSA) aims to predict sentiment intensity using
multiple modalities such as text, video and audio. The main
challenge of MSA is how to integrate information from dif-
ferent modalities effectively. Currently, there are mainly two
types of fusion strategies: feature-level fusion (early fusion)
and decision-level fusion (late fusion). Feature-level fusion
methods (Lazaridou et al. 2015; Liang et al. 2018; Wang
et al. 2019) combine the features extracted from different
modalities to create a unified feature representation via con-
catenation or other methods before feeding it into the net-

16988

work. Different from feature-level methods, decision-level
methods (Tsai et al. 2019; Yu et al. 2020) process differ-
ent modalities separately and integrate them into the final
decision. MISA (Hazarika, Zimmermann, and Poria 2020)
projects each modality to two distinct subspaces to provide a
holistic view of the multimodal data. MMIM (Han, Chen, and
Poria 2021) hierarchically maximizes the mutual informa-
tion in unimodal input pairs and between multimodal fusion
result and unimodal input to maintain task-related informa-
tion. UniMSE (Hu et al. 2022) proposes a knowledge-sharing
framework that unifies MSA and MER to improve the per-
formance. However, all these methods assume that the train
and test data come from the same distribution. When there
is a distribution shift between the train and test data, the
performance of these models will degrade.
Test-time Adaptation. Test-Time Adaptation (TTA) refers
to the adaptation of a pre-trained model to new target domain
data without having access to the source domain data and the
labels of target domain data. Unlike domain adaptation which
requires access to both source and target data for adaptation,
test-time adaptation methods do not require any data from
the source domain and any label from the target domains.
Among the various categories, one notable category is online
TTA methods (Wang et al. 2020; Liang, Hu, and Feng 2020;
Zhang, Levine, and Finn 2022). For example, TENT (Wang
et al. 2020), the first TTA approach, takes a pre-trained model
and adapts it to the test data by updating the trainable param-
eters in normalization layers using entropy minimization.
Source Hypothesis Transfer (SHOT) (Liang, Hu, and Feng
2020) proposes to update only the encoder parameters and
align source and target representation by entropy minimiza-
tion and pseudo-labeling. Recently, some works have delved
into the multimodal test-time adaptation (Shin et al. 2022;
Yang et al. 2024). MM-TTA (Shin et al. 2022) proposes two
complementary modules within and across the modalities
to obtain reliable pseudo labels. READ (Yang et al. 2024)
proposes reliable fusion against reliability bias and a novel
objective function for robust multi-modal adaptation. In addi-
tion to online TTA methods, another category is robust TTA
methods (Niu et al. 2022; Zhou et al. 2023). This kind of
method takes some challenging issues into account such as
single sample and label shifts. Recently, some researchers
have started exploring continual TTA methods (Wang et al.
2022; Gan et al. 2023; Wang et al. 2024) which deal with the
continually changing domain shifts in real-world scenarios.
However, the methods mentioned above all consider the
probabilistic model for classification tasks. Therefore, they
can not be applied to regression tasks such as sentiment anal-
ysis and image quality assessment. One recent work (Roy
et al. 2023) proposes auxiliary tasks to enable TTA for regres-
sion tasks. However, it is a unimodal framework that needs
an image augmentation strategy, which can not be applied
to multimodal tasks. In contrast, this paper proposes a TTA
method for multimodal regression tasks.

3 Methodology
In this section, we will introduce our proposed method CASP.
First, we will formulate our problem setting in Section 3.1.
Then, we will introduce a contrastive adaptation strategy
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Figure 2: The overall framework of CASP. The adaptation process of CASP has two stages. Stage 1: contrastive adaptation to
enforce consistency via modality random dropout. Stage 2: utilizing the checkpoints generated in Stage 1 to select high-confident
pseudo labels for self-training. The two stages address the distribution shifts by consistency regularization and empirical risk

minimization respectively.

via modality random dropout in Section 3.2. Finally, in Sec-
tion 3.3, we will introduce a stable pseudo-label generation
strategy. The overall framework of our method is presented
in Figure 2.

3.1 Problem Formulation

In MSA tasks, there are usually three modalities: audio, video
and text. Therefore, we define the source domain data as
S = {(si,yi)}Y:, where N, is the number of data and
s; = (s, sY, st) represents the audio, video and text modal-
ity, respectively. In the TTA setting, we first pre-train our
model on the source domain data S. Suppose our model con-
sists of the encoder M to get the feature representations and
the prediction head F to get the final predictions, the output
of the model is:

9 = Fo,(Ma,, (s:)),

where 6,,, and 0 are the parameters of M and F, respec-
tively. In MSA tasks, the loss function is often L1 loss (Tsai
et al. 2019; Yu et al. 2020; Guo, Jin, and Zhao 2024). There-
fore, the optimization process is:

s; €S (1)

05,07 = argmin [ — y| 2)

m,HUf

Then we discard the source domain data and use the target
domain data for adaptation. We define target domain data as
T = {x;}*, where N, is the number of data. The labels of
the target domain are unavailable.

3.2 Contrastive Adaptation

During the adaptation process, the predictions of the model
are expected to be consistent when different kinds of data
augmentation strategies are implemented. Some existing TTA
methods (Zhang, Levine, and Finn 2022; Wang et al. 2022)
impose data augmentation strategies and calculate the average
probability distribution of the augmented data to minimize
the entropy or as pseudo labels. However, in multimodal
regression tasks, we can neither calculate probability distribu-
tions nor perform data augmentation. Since many multimodal
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Figure 3: The overview of contrastive adaptation strategy. We
randomly drop a modality to generate new data. Then we
enforce the representations of the original data and the new
data closer and distance the representation of the original
data from the other representations in the batch.

tasks use extracted features instead of raw data (Tsai et al.
2019; Yu et al. 2020; Guo, Jin, and Zhao 2024), data augmen-
tation becomes difficult to implement. In order to enforce
consistency, we introduce a contrastive adaptation strategy
via modality random dropout to improve the generalization
ability of the model. The overall diagram of the contrastive
adaptation strategy is presented in Figure 3.

Specifically, given x; € T, we impose a random dropout
of modalities and replace the missing modality with O or
other fixed value. We denote the data after modality random
dropout as x; "¢, where different missing modality cases can
be considered as different data augmentation strategies. We
can obtain the feature representations h of x; and x; © fol-
lowing:

hi = M($1), h;mg = M(E?Ug) (3)

To impose consistency regularization, we want to bring
h; and h;‘”g closer together and move h; and other represen-
tations in the batch further apart. Therefore, we consider a



modified NT-Xent loss (Chen et al. 2020). Let sim(u, v) =
u'v/||u||||v]| denote the dot product between £5 normal-
ized w and v (i.e. cosine similarity). The loss function for a
positive example (h;, h;®) is as follows:

exp(sim(h;, h;"¢) /)
Sr ) Lz exp(sim(hi, hy,) /7)

where K is the batch size, 7 is a temperature parameter, and
Tz € {0,1} is a sign function evaluating to 1 if k # 4.
The total loss can be written as:

“

ehi’h:% = — log

K

> (Chy e+ Erz )

k=1

1

L=s5r

®

For stability and efficiency, previous works (Wang et al.
2020; Roy et al. 2023) usually reconcile the distribution shifts
by updating normalization layers. In our method, we follow
these works, only updating the linear and lower-dimensional
feature modulation parameters (i.e. normalization layers).
Through contrastive adaptation strategy, the model will learn
more generalizable features and become more consistent.

3.3 Stable Pseudo-label Generation

Some previous TTA methods (Wang et al. 2022; Zhang,
Levine, and Finn 2022) propose to generate high-confident
pseudo labels for entropy minimization. Due to the proba-
bilistic models, it is easy to generate pseudo labels to mea-
sure confidence (i.e. the probability of each class). However,
the output of a regression model is non-probabilistic, thus
making it hard to measure confidence. In this subsection,
we propose to measure the confidence of pseudo labels via
a dynamic training process. Concretely, in Section 3.2, we
introduce a contrastive adaptation strategy to improve the
generalization ability of the model and make the model more
consistent. Suppose the model is adapted for & epochs, we
denote the model of epoch e as F. = (Mo , .7:9;) where
e =1,2,---, E. Then the predictions of the model F, can
be expressed as:

Je = Fe(x) (6)
where g, represents the predictions of all the training samples
using F.. For every epoch e, we can calculate the pseudo
labels .. During this dynamic process, some of the pseudo
labels change a lot while some of them remain stable. Based
on this observation, we propose to select those stable pseudo
labels as high-confident pseudo labels and those that change
a lot as low-confident pseudo labels. For efficiency and high
quality, we calculate the pseudo labels of all the training
samples every M epochs. Mathematically, we calculate the
difference between every two consecutive checkpoints, and
use the average difference to measure the stability s:

(N

|9ine — Ugit1)M]
i=0
where | £ | represents the largest integer not exceeding E /M

and gy denotes the labels generated by the source model.
After obtaining the stability s, we set a threshold to select
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high-confident pseudo labels. Specifically, we use A-quantiles
as the threshold. When s is smaller than the threshold, we
select the sample as our self-training sample. When s is larger
than the threshold, we discard the sample. For the values
of pseudo labels, we use the average value of ¢ of all the
checkpoints:

I.]W

LMJHZ:UZM ®)

Then, we can obtain the self-training dataset Tyain =

{a:z,yl} min where Nigin is the number of selected high-
confident samples. Then we use Tyin for training.

4 Experiments
4.1 Datasets and Evaluation Metrics

CMU-MOSI (Zadeh et al. 2016) is a popular dataset for
multimodal (audio, text and video) sentiment analysis. It
comprises 93 English YouTube videos, containing 89 distinct
speakers, including 41 female and 48 male speakers. Each
segment is manually annotated with a sentiment score ranging
from strongly negative to strongly positive (-3 to +3).
CMU-MOSEI (Bagher Zadeh et al. 2018) is an extension
of CMU-MOSI. It contains more than 65 hours of annotated
video from more than 1000 speakers and 250 topics. It has a
total number of 3,228 videos which are divided into 23,453
segments. Compared with CMU-MOSI, it covers a wider
range of topics.
CH-SIMS (Yu et al. 2020) is a Chinese multimodal sentiment
analysis dataset that has three modalities (audio, text and
video). It has a total of 60 videos which contains 2,281 refined
segments in the wild annotated with a sentiment score ranging
from strongly negative to strongly positive (-1 to 1).

For all three datasets, we use binary accuracy (ACC), F1
score (F1) and mean absolute error (MAE) as evaluation
metrics.

4.2 Baselines

To the best of our knowledge, we are the first to introduce
the TTA method to multimodal regression tasks. Therefore,
previous methods can not be applied to MSA tasks due to
the properties of multimodal data and the non-probabilistic
model. In our experiments, we mainly compare our method
with five baselines: Source is the model pre-trained on the
source domain data. Then it is tested on the target domain
data without any adaptation strategy. ST is the self-training
method. We use the source model to generate pseudo labels
of the target domain data. Then we use these pseudo labels to
train the source model. Norm is also the self-training method.
Different from ST where we train the whole model, Norm
only trains the normalization layers and freezes other param-
eters. This method (Wang et al. 2020; Roy et al. 2023) is
commonly used in TTA. GC is the group contrastive strategy
proposed in TTA-IQA (Roy et al. 2023). In TTA-IAQ, the
authors propose a group contrastive strategy and rank loss
strategy. However, the rank loss strategy can not be applied
to multimodal data due to the image augmentation strategy.
Therefore, we only apply GC to our task. RF is the reliable



B \ \ MOSEI—SIMS MOSI—SIMS MOSI—-MOSEI SIMS—MOSI SIMS—MOSEI
ackbone ' Method

| ACC F1 MAE | ACC F1 MAE | ACC F1 MAE | ACC F1 MAE | ACC F1 MAE
Source 6096 63.09 2.01 39.17  39.12  2.10 | 66.57 67.42 125 | 40.12 4546 2.18 | 47.14 5747 1.77
ST 62.01 65.19 195 | 4048 3955 2.05 | 6741 6790 123 | 4041 4635 2.00 | 4734 5835 1.87f
Late Norm 61.40 6438 2.047 | 38.517 38.84f 2.121 | 66.62 67.53 1301 | 40.27 47.22 2.30f | 4770 58.74 1.847
Fusion GC (Roy etal. 2023) | 62.62  65.38 1.98 | 4223 42.89 197 | 67.03 67.83 125 | 4094 4687 221t | 4745 59.07 176
RF (Yang et al. 2024) | 61.12  64.07 1.97 | 40.19 40.01 206 | 67.11 67.70 1.28} | 40.18 4598 2287 | 47.61 58.44 1.86}
CASP 64.23 6775 1.81 | 51.27 5315 173 | 69.12 69.17 096 | 48.03 5043 2.04 | 49.09 59.11 1.60
Source 4595 4528 2.15 | 36.76  37.83 242 | 66.75 6735 124 | 40.17 40.60 1.75 | 46.39 50.61 1.34
ST 48.80 4720 211 | 34791 36.52t 2.50f | 66.631 67.35 1.341 | 41.74 4239 1.55 | 47.14  53.68 1.32
Early Norm 43.761 44.061 2.251 | 36.231 37.94 247t | 6698 67.54 1301 | 43.95 4340 1.56 | 45801 48.13f 1.29
Fusion GC (Roy et al. 2023) | 47.64 47.60 2.10 | 37.22 37.70f 229 | 67.12 67.40 1.22 | 42.67 43.08 1.54 | 46.77 49.12f 1.30
RF (Yang et al. 2024) | 46.12  46.25 2.18} | 35.18f 35971 2461 | 66.84 67.39 1.27f | 42.58 43.02 1.59 | 46.61 50391 1.31
CASP 63.89 6643 1.80 | 40.12 41.65 2.06 | 68.32 6890 1.08 | 46.57 47.10 144 | 4790 57.13 1.26

Table 1: Quantitative results across five different distribution shift settings with two different backbones. For simplicity, we use
MOSI, MOSEI and SIMS to represent CMU-MOSI, CMU-MOSEI and CH-SIMS. Bold: best results. Underline: second best
results. T represents that the performance decreases compared with the source model without adaptation. We report the average

results using five different random seeds.

\ Case ]l Case2 Case3 Cased4 Case5 Case6
Epoch 0 -2.38 +0.83 +2.12 -1.21 +1.98  +1.68
Epoch 3 239 +032 +1.17 -1.21 +1.99 +1.74
Epoch 6 -2.40 -0.17 +0.85 -1.22 +1.95  +1.20
Epoch 9 241 +0.08  +1.25 -1.23 +2.11  +1.27
Epoch 12 -2.41 +1.02  -0.01 -1.23 +2.12  +1.01
Epoch 15 242 +1.14  +0.18  -1.23 +2.11  +0.84
Stability s 0.008 0.46 0.62 0.004 0.05 0.22
GT -3.0 +2.4 -0.8 -1.8 +3.0 -0.8
Selected? v X X v X X
Pseudo Label | -2.40 - - -1.22 - -

Table 2: Case study of pseudo-label generation process on
MOSEI—SIMS. We adapt the model for 15 epochs and set
interval parameter M/ = 3. The table shows the predictions of
six samples. “GT” denotes ground truth. “Selected?” denotes
whether the sample is selected for self-training. The threshold
is 0.012 as shown in Figure 4 when \ = 95.

fusion strategy proposed in READ (Yang et al. 2024). READ
proposes two strategies: reliable fusion and robust adaptation.
Reliable fusion strategy is a new paradigm that modulates the
attention between modalities in a self-adaptive way. Robust
adaptation is based on probabilistic models which can not
be applied to regression tasks. Therefore, we use the reliable
fusion strategy for comparison.

4.3 Implementation Details

Raw Feature Extraction. For text modality, we use pre-
trained BERT (Devlin et al. 2019) to obtain word embeddings.
We use BERT-base for CMU-MOSI and CMU-MOSEI and
Chinese BERT-base for CH-SIMS. Each word is represented
as a 768-dimensional vector. For audio modality, we use Li-
bROSA (McFee et al. 2015) to extract features. For video
modality, we extract face features using OpenFace 2.0 (Bal-
trusaitis et al. 2018) toolkit.

Source Domain and Target Domain. We denote source
domain to target domain as A — B where A repre-
sents the source domain and B is the target domain.
We validate CASP across five distribution shift settings:
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CMU-MOSEI—CH-SIMS, CMU-MOSI—CH-SIMS, CMU-
MOSI—CMU-MOSEI, CH-SIMS—CMU-MOSI and CH-
SIMS—CMU-MOSEI. We do not use CMU-MOSEI—-CMU-
MOSI because CMU-MOSETI is an extension of CMU-MOSI
and covers a wider range of topics compared with CMU-
MOSI.

Backbones. To demonstrate the generalization ability of our
method, we use two different backbones: the feature-level
fusion (early fusion) method and the decision-level fusion
(late fusion) method. Specifically, we use the transformer
encoder (Vaswani et al. 2017) as the backbone. For fairness,
we use the same backbone for all the methods.

Training Details. For source domain pre-training and con-
trastive adaptation, we use the AdamW optimizer with a
learning rate of 1le — 3. We adapt the model for 15 epochs
and the interval hyperparameter M is set to 3. For stable
pseudo-label generation, we set the threshold hyperparameter
A as 95. For self-training using stable pseudo labels, we use
the AdamW optimizer with a learning rate of 5e — 4 and train
the model for 5 epochs. The batch size of all the experiments
is 24. Besides, we use gradient clipping and set the threshold
as 0.8. We also use a step scheduler with a step size of 10
and decay rate v = 0.1. To avoid randomness, we train the
model five times using five different random seeds and report
the average results.

4.4 Main Results

We present our quantitative results across five different distri-
bution shift settings with two different backbones in Table 1.
Compared with the source model without any adaptation
strategy, CASP brings significant and consistent performance
improvements across all settings and with different back-
bones. ST, Norm, GC and RF are four different methods to
mitigate the distribution shifts between the source domain
and the target domain. However, we observe that all these
four methods have performance degradation on some met-
rics across some distribution shifts, which are marked with
1 in the table. Only CASP can bring consistent performance
improvements.

Besides, the source model performs very poorly
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Figure 4: The distribution of stability s on MOSEI—SIMS.

on MOSEI—SIMS, MOSI—=SIMS, SIMS—MOSI and
SIMS—MOSEI because SIMS is a Chinese multimodal sen-
timent analysis dataset while MOSI and MOSEI are English
multimodal datasets. Therefore, SIMS has a huge distribu-
tion shift from MOSI and MOSEI. The accuracies across
these settings are below 50%. All the baselines bring lim-
ited improvements across these settings while CASP brings
significant improvements. On MOSEI—SIMS, CASP im-
proves the accuracy of the early fusion backbone by nearly
20% while the second best method ST improves the accuracy
by just around 3%. On MOSI—SIMS, CASP improves the
accuracy of the late fusion backbone by around 11% while
the second best method GC improves the accuracy by just
around 3%. Only on SIMS—MOSI, ST performs better on
MAE with 0.04 higher than that of CASP. These results fully
demonstrate the superiority and versatility of CASP.

4.5 Stable Pseudo-label Generation

In Figure 4, we present the distribution of stability s on
MOSEI—SIMS. As shown in the figure, most of the samples
do not change drastically during the contrastive adaptation
process. When we use the most stable 5% of the samples as
pseudo labels (i.e. the hyperparameter A = 95), the stability
threshold is 0.012. We present the changes of six samples dur-
ing the contrastive adaptation process in Table 2. From Case
2, Case 3 and Case 6, we can find that these three cases have
high stability s (i.e. not stable) and their predictions differ
greatly from the ground truths. This demonstrates that high
stability means low-confident labels, indicating the effective-
ness of our method in choosing high-confident pseudo labels.
Comparing Case 1 and Case 5, we can find that although
Case 5 also has low stability s, the difference between the
prediction and the ground truth of Case 5 is bigger than that
of Case 1, indicating that lower stability means higher confi-
dence. Moreover, from epoch 0 (i.e. Source model) to epoch
15, it is easy to find that the predictions change towards the
ground truths. For example, at epoch 0, the prediction of Case
1 is -2.38, and at epoch 15, the prediction is -2.42, which is
closer to the ground truth -3.0. This also demonstrates the
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Backbone ‘ CA SPL ‘ T1 T2 Tg T4 T5
Late X X 6096 3917 6657 40.12 47.14
Fusion | ¥ X | 6236 4945 6774 4115 4833
vV vV | 6423 5127 69.12 4803 49.09
Early X X 4595 3676 6675 40.17 4639
Fusion | ¥ X | 6162 3895 6776 44.10 47.23
v vV | 63890 40.12 6832 4657 47.90

Table 3: Quantitative results of contributions of the con-
trastive adaptation (CA) and stable pseudo-label gen-
eration (SPL). Ty,75,T5,71y,T5 represents the distribu-
tion shift: MOSEI—SIMS, MOSI—SIMS, MOSI—MOSEI,
SIMS—MOSI and SIMS—MOSEI, respectively. We only
report the accuracy in the table.

Backbone | n | T Ty Ts Ty Ts
Late none | 6096 39.17 6657 40.12 47.14
Fusion 1 6236 4945 67.74 41.15 48.33
2 61.11 44.67 6694 4029 47.60
Earl none | 45.95 36.76 66.75 40.17 46.39
Fusign 1 61.62 3895 67.76 44.10 47.23
2 53.12 3694 6681 4157 46.80

Table 4: The impact of the number of dropped modalities.
The table shows the accuracy of the model. n represents the
number of dropped modalities. 73,75, 73,7, and 15 have
the same meaning as Table 3.

effectiveness of our contrastive adaptation.

4.6 Ablation Study

In this subsection, we conduct a series of ablation experi-
ments for a better understanding of CASP. Concretely, we
will analyze the contribution of contrastive adaptation and
stable pseudo-label generation. Besides, we will explore the
impact of the number of dropped modalities, the quality of
the selected pseudo labels, the impact of the interval hyperpa-
rameter M and the stability threshold A on the performance
of the model.

Contributions of contrastive adaptation and stable
pseudo-label generation. Table 3 presents the accuracy of
the ablation experiments. We observe that both the contrastive
adaptation strategy and stable pseudo-label generation im-
prove the performance of the model. Particularly, compared
to the stable pseudo-label generation strategy, the contrastive
adaptation strategy has more potential to improve the perfor-
mance of the model. Across five different distribution shifts,
self-training with stable pseudo labels improves the accuracy
by around 1%-7% while the contrastive adaptation strategy
can improve the accuracy by up to around 10%-15%. Fur-
thermore, we observe that contrastive adaptation helps more
when the accuracy of the source model is low and helps less
when the accuracy of the source model is high. In contrast,
the stable pseudo-label strategy brings relatively steady and
consistent improvements to the performance of the model.



Backbone |  Method | T} Ty T Ty Ts

SPL(M =1) | 40.25 37.25 47.08 4498 5201

Late SPL (M =2) | 41.07 38.55 47.60 4534 55.17
Fusion SPL (M =3) | 42.11 38.99 4886 4522 57.81
SPL (M =4) | 4223 38.89 4955 46.80 59.21

SPL(M =1) | 46.11 4520 46.14 52.01 51.12

Early SPL (M =2) | 46.85 4556 46.55 52.17 51.02
Fusion SPL (M =3) | 46.61 46.06 47.69 5470 5248
SPL (M =4) | 46.80 46.23 47.71 5457 53.96

Table 5: The impact of the interval hyperparameter M on
the quality of the stable pseudo labels. The table reports the
rates of MAE decline compared to the pseudo labels obtained
directly using the source model. In all the experiments, we
fix the adaptation epoch £ = 20. T}, T5,T5,T, and T5 have
the same meaning as Table 3.
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Figure 5: Effectiveness of the stable pseudo-label generation
strategy across five different distribution shift settings and
with two different backbones. 17, Ts, T3, T, and T have the
same meaning as Table 3.

The number of dropped modalities. In the contrastive adap-
tation strategy, we randomly drop a modality as a way of aug-
mentation. To explore the impact of the number of dropped
modalities, we conduct experiments and present the results
in Table 4. Both n = 1 and n = 2 bring consistent improve-
ments to the performance of the model. Furthermore, we
observe that the performance of the model only dropping
one modality is better than that of the model dropping two
modalities. In our datasets, there are only three modalities.
Therefore, dropping two modalities may lose a lot of infor-
mation and enforce strong consistency, which may hinder
the performance of the model compared with only dropping
one modality. If a dataset has more modalities such as five
modalities, dropping two modalities may be a better choice.
Quality of the stable pseudo labels. To demonstrate that the
quality of our stable pseudo labels is much better than that of
pseudo labels obtained directly using the source model, we
calculate the mean absolute error between the pseudo labels
and the ground truths and present our results in Figure 5.
From the figure, we observe that the MAE of stable pseudo
labels is much lower than that of pseudo labels obtained using
the source model. The rates of MAE decline across five dif-
ferent distribution shift settings and two different backbones
are all around 40%-60%, demonstrating the effectiveness of
our stable pseudo-label generation strategy.

The impact of the interval hyperparameter ). To explore
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Backbone ‘ A ‘ Tl T2 T3 T4 T5
Late 50 | 12.01 10.17 1322 13.67 19.90
Fusion 513066 21.85 27.68 31.02 41.10
95 | 42.11 3899 4886 4522 5781
Earl 50 | 13.17 12.01 1322 1934 17.25
Fusign 512612 2220 2341 3146 30.14
95 | 46.61 46.06 47.69 5470 52.48

Table 6: The impact of the threshold A on the quality of the
stable pseudo labels. The table reports the rates of MAE
decline compared to the pseudo labels generated using the
source model. 77,75, T5, Ty and T have the same meaning
as Table 3.

the impact of the interval hyperparameter M on the quality of
stable pseudo labels, we select M = 1,2, 3,4 and generate
stable pseudo labels to calculate the rates of MAE decline
compared to the pseudo labels generated by the source model.
We report our results in Table 5. We observe that the quality
of the stable pseudo labels increases as M increases. Intu-
itively, when the interval M is large, the difference between
the two checkpoints is large. This is beneficial to the selection
of high-confident labels because our stable pseudo-label gen-
eration strategy calculates the average value of the difference
between two consecutive checkpoints and selects the labels
whose values are lower than a threshold. A large M means
large differences and thus would help to select these stable
labels. However, to include relatively more checkpoints, a
large M requires more training epochs F, which could in-
crease the time of the adaptation process. To get a balance
between the adaptation time and the performance, M = 2,3
would be an opportune value.

The impact of the threshold \. We select three different
threshold A and present our ablation results in Table 6. The
results demonstrate our stable pseudo-label generation strat-
egy can generate high-confident pseudo labels whatever \ is.
With the increase of ), the quality of the pseudo labels also
increases. However, with the increase of )\, the number of
samples for self-training decreases. Therefore, if the test set
has many samples, we are expected to choose a large A while
if the test set does not have many samples, we can decrease
the value of \.

5 Conclusion

In this paper, we focus on the test-time adaptation for multi-
modal sentiment analysis. Due to the reason that multimodal
sentiment analysis is a multimodal regression task, existing
methods can not be applied. To address the distribution shifts
for multimodal sentiment analysis, we propose contrastive
adaptation and stable pseudo-label generation (CASP) strate-
gies. CASP has two stages: contrastive adaptation to enforce
consistency and self-training with stable pseudo labels to
minimize empirical risk. We conduct extensive experiments
across various distribution shift settings and with different
backbones. The results demonstrate the superiority and ver-
satility of CASP. Ablation experiments are then conducted to
validate the main components of CASP.
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