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1 GENERALIZATION CAPABILITY ON
MULTIMODAL SENTIMENT ANALYSIS

To verify the generalization capability of our ADAR on other tasks,
we conduct experiments on two datasets, MOSI [10] and MO-
SEI [11], for multimodal sentiment analysis. MOSI is a collection of
YouTube monologues consisting of 2,199 movie samples, which are
separated into 1,284 training samples, 229 validation samples, and
686 testing samples. MOSEI is an improvement over MOSI with
a total of 23,453 video clips, spanning 1,000 distance speakers. To
comprehensively validate the performance of our ADAR, we make
a comparison with several advanced methods, including LMF [4],
MFM [6], MulT [5], MISA [3], Self-MM [9], MMIM [2], FDMER [8],
and DBF [7]. In order to fit our method for the task, we employ the
pre-trained WavLM [1]to extract the audio features and conduct
optimal transport similar to the text and visual features.

As shown in Table 1, we find that our model still maintains a
competitive performance over all comparative baselines. It is worth
noting that our model obtains the second best results on the met-
rics of Acc-2 and F1 on both datasets, demonstrating its excellent
generalization ability. This performance gain is largely due to our
alignment and refinement method, which aligns disparate modal-
ities using aspect-driven optimal transport and augments their
synergy through a dual-layer refinement process. Moreover, ADAR
also shows an effective fine-grained analysis ability for its superior
performance on Acc-7. In summary, the study presents compelling
evidence of ADAR’s consistent ability to enhance performance in
Multimodal Sentiment Analysis.
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Methods MOSI MOSEI
MAE Corr Acc-7 Acc-2 F1 MAE Corr Acc-7 Acc-2 F1

LMF 0.917 0.695 33.20 -/82.50 -/82.40 0.623 0.677 48.00 -/82.00 -/82.10
MFM 0.877 0.706 35.40 -/81.70 -/81.60 0.568 0.717 51.30 -/84.40 -/84.30
MulT 0.861 0.711 40.00 81.50/84.10 80.60/83.90 0.580 0.703 51.80 -/82.50 -/82.30
MISA 0.804 0.764 42.30 80.79/82.10 80.77/82.03 0.568 0.724 52.20 82.59/84.23 82.67/83.97
Self-MM 0.712 0.795 45.79 82.54/84.77 82.68/84.91 0.529 0.767 53.46 82.68/84.96 82.95/84.93
MMIM 0.700 0.800 46.65 84.14/86.06 84.00/85.98 0.526 0.772 54.24 82.24/85.97 82.66/85.94
FDMER 0.724 0.788 44.10 -/84.60 -/84.70 0.536 0.773 54.10 -/86.19 -/85.80
DBF 0.693 0.801 44.80 85.10/86.90 85.10/86.90 0.523 0.772 54.20 84.30/86.40 84.80/86.20
ADAR (ours) 0.703 0.790 46.04 84.22/85.93 84.32/85.44 0.533 0.771 54.11 83.33/85.92 84.10/85.56

Table 1: Performance on MOSI and MOSEI for multimodal sentiment analysis. The best results are in bold and the second best
ones are underlined. Acc-2 denotes the accuracy over negative/non-negative, and F1 corresponds to negative/positive.
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