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Supplementary Material

1. Unimodal Networks

In this section, we introduce the architectures of unimodal
networks and detail the processes for generating unimodal
representations that will be fused later on. To be consistent
with state-of-the-art models [ 12, 32], we employ pre-trained
language models [5, 14, 16] to obtain high-level language
features. Specifically, for all the downstream tasks, the pro-
cedures of the language network are presented as below:

X, = PLM(U;; ;) € RT*%

. €]
X, = (X;W,,, + by,,) € RT*4

where PLM denotes the pre-trained language model, U,
is the input token sequence and 7 is the sequence length.
Wiro € R4*d and bpro € R'*4 are trainable parame-
ters that map the output dimensionality of the language net-
work to the shared dimensionality d. For the MSA task, the
procedures for the acoustic and visual networks, which in-
corporate transformer encoders [29], are shown as follows
(m € {a,v}):

X,, = Conv ID(U,,; K,,) € RT*4

N 2)
X, = Transformer(X,,; 0,,) € RT*4

where Conv 1D represents the temporal convolution whose
kernel size K, is set to 3. The generated unimodal repre-
sentation X, is used for distribution mapping.

To ensure effective extraction of humor-related features
for the MHD and MSD tasks, and in alignment with prior
methods [12, 22], we additionally extract a humor-centric
feature (HCF) from the language modality. This serves
as the fourth modality (see [12] for details) and is de-
noted as U, € RT*4 Furthermore, for MHD and MSD,
each multimodal sample is composed of a target punch-
line segment and its preceding context segment. We con-
catenate the punchline and context feature sequences in
the time dimension to obtain the final unimodal inputs
Uy, € RT¥4n (m € M = {a,v,l,h}). The unimodal
network for the HCF modality, which also employs trans-
former encoders, follows a similar architecture to those used
for the visual and acoustic modalities. Specifically, the
transformer-based unimodal network operations are defined
as follows (for m € {a,v,h}):

X, = Transformer(U, ,; 6,,) € RT* dm

A (3)
X,, = Conv1D(X,,; K,,) € RT*4

To reduce the model complexity of the subsequent process-
ing, we fuse the language and HCF modalities via a simple

linear layer:
X +— Linear(X; ® Xp; 0p;,) € RT*4 4)

2. Datasets

(1) CMU-MOSI [35]: The CMU-MOSI dataset, a popular
dataset for multimodal sentiment analysis (MSA), consists
of more than 2,000 video segments sourced from the Inter-
net. For each segment, sentiment intensity is annotated on
a Likert scale ranging from -3 to 3, with 3 indicating the
most intense positive sentiment and -3 indicating the most
intense negative sentiment.

(2) CMU-MOSEI [36]: The CMU-MOSEI dataset is a
widely-used large scale multimodal dataset for MSA col-
lected from the Internet, encompassing over 22,000 video
segments from over 1,000 YouTube speakers on over 250
varied topics. These segments are picked at random from
a wide variety of topics and solo video presentations. Each
segment is marked with two sets of annotations: emotions
divided into six specific categories and sentiment scores that
extend from -3 to 3. To evaluate CaReFlow on the MSA
task, we utilize sentiment labels from the CMU-MOSEI
dataset, which mirror the sentiment scale of the CMU-
MOSI dataset.

(3) CH-SIMS-v2 [18]: The CH-SIMS-v2 dataset is a
Chinese MSA dataset collected from 11 distinct scenarios
including interviews, talk shows, and films to simulate real-
world human-computer interactions. The videos were fil-
tered to ensure high-quality acoustic and visual features.
The dataset is partitioned into training, validation, and test
sets in a 9:2:3 ratio. To be more specific, the training set
contains 2,722 video segments, further categorized into 921
negative, 433 weakly negative, 232 neutral, 318 weakly
positive, and 818 positive samples. The validation and test
sets are composed of 647 and 1,034 video segments respec-
tively.

(4) UR-FUNNY [11]: The UR-FUNNY dataset is de-
rived from TED talk videos with 1,741 speakers for the
multimodal humor detection (MHD) task. Each target video
segment in the dataset is called punchline, which contains
language, acoustic, and visual modalities. The segments
preceding the punchline are the context segments, which
are fed into the model together with the punchline for con-
textual analysis. The punchlines are identified using the
‘laughter’ tag in the transcripts, which indicates when the
audience laughed during the talk. Negative samples are sim-
ilarly identified, where the target punchline segments are
not followed by the ‘laughter’ tag. UR-FUNNY is divided
into a training set with 7,614 samples, a validation set with



980 samples, and a testing set with 994 samples. In line with
state-of-the-art methods [12, 20, 22], we employ version 2
of UR-FUNNY for our experimental analysis.

(5) MUStARD [2]: The MUStARD dataset, designed
for detecting sarcasm in multimedia data, is derived from
well-known TV shows including Friends, The Big Bang
Theory, The Golden Girls, and Sarcasmaholics. It con-
tains 690 video segments that are manually categorized as
sarcastic or non-sarcastic. Except from the punchline seg-
ments that are the focus, MUStARD incorporates the pre-
ceding conversations (context segments) to provide contex-
tual clues.

3. Evaluation Metrics

For the CMU-MOSI and CMU-MOSEI datasets, we eval-
uate the performance of CaReFlow and baselines using
the following evaluation metrics: (1) Acc7: Evaluates the
model’s capability to classify sentiment scores into seven
distinct categories; (2) Ace2: Assesses the model’s ability
to differentiate positive from negative sentiments in a binary
classification scenario; (3) F1 score: The harmonic mean
of precision and recall for binary sentiment classification
(predictions are rounded to the nearest integer between —3
and 3 for Acc7; neutral segments are excluded when com-
puting Acc2 and F1 score); (4) MAE: The mean absolute
error between model predictions and annotated labels; and
(5) Corr: The correlation coefficient indicating the strength
and direction of the relationship between the model’s pre-
dictions and the annotators’ assessments. Notably, to com-
pute Acc7, we round up the prediction to an integer from
-3 to 3. For the CH-SIMS-v2 dataset, we use Acc5, Acc3,
Acc2, F1 score, MAE, and Corr to evaluate the performance
of the model.

For MHD and MSD, in alignment with prior methodolo-
gies [12, 20, 22], we report the binary accuracy (i.e., hu-
morous or non-humorous, sarcastic or non-sarcastic) of the
model.

3.1. Feature Extraction Details

(1) Visual Modality: For the CMU-MOSI and CMU-
MOSETI datasets, following previous approaches [23, 32],
Facet ! is used to gather an array of visual attributes, such
as facial action units, facial landmarks, and head position-
ing. These attributes are extracted for each segment, creat-
ing a time-based series of visual features that illustrate the
progression of facial expressions and body gestures. For the
CH-SIMS-v2 dataset, to be consistent with previous works
[8, 18], OpenFace [1] is used to extract facial features such
as 68 facial landmarks, 17 facial action units, head pose,
head orientation, and eye gaze direction. For the UR-Funny
and MUStARD datasets (MHD and MSD tasks), in line
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Table 1. The feature dimensionality of various datasets.

Language | Acoustic | Visual | HCF
CMU-MOSI 768 74 47 -
CMU-MOSEI 768 74 35 -
CH-SIMS-v2 768 25 177 -
UR-FUNNY 768 60 36 4
MUStARD 768 60 36 4

with prior approaches [12, 20], we also use OpenFace 2 [1]
to extract facial action unit features as well as rigid and non-
rigid facial shape parameters.

(2) Acoustic Modality: For the CMU-MOSI, CMU-
MOSEI, UR-Funny, and MUStARD datasets, COVAREP
[4] is used to extract a sequence of acoustic features. This
set of features includes 12 Mel-frequency cepstral coeffi-
cients, pitch tracking, speech polarity, glottal closure in-
stants, and spectral envelope, among other elements. These
features form a sequence that captures the dynamic changes
in vocal tone throughout the speech. For the CH-SIMS-
v2 dataset, 25-dimensional eGeMAPS low-level descriptors
(LLD) features are extracted using the OpenSmile [6] at a
sampling rate of 16000 Hz.

(3) Language Modality: For the CMU-MOSI and
CMU-MOSEI datasets, following state-of-the-art methods
[32], DeBERTa [14] is employed to extract textual features.
For the CH-SIMS-v2 dataset, following previous works
[8, 18], BERT [5] is used to extract textual features. For
the MHD and MSD tasks, following state-of-the-art meth-
ods [12, 20, 22], ALBERT [16] is applied as the language
network. Notably, for MHD and MSD, we concatenate the
punchline and context token sequences to create the final
input for the language network: U; = C; @ [SEP] @ P,
where the [SEP] token is used to separate the context to-
kens Cj from the punchline tokens P; [12].

Please refer to Table | for the input feature dimensional-
ity of different modalities. For detailed information on the
feature extraction process for the HCF modality, please see

[12].

4. Experimental Details

We implement our CaReFlow using the PyTorch framework
on an NVIDIA RTX3090 GPU with CUDA version 11.4
and PyTorch version 1.13.1. The training of CaReFlow
is facilitated by the AdamW [19] optimizer. Please refer
to Table 2 for detailed information on the hyperparameter
settings. Following previous works [9, 24], we conduct a
random grid search with fifty random iterations to search
for optimal hyperparameters using the validation set, and
save the hyperparameter setting that reaches the best per-
formance. After the best hyperparameter setting is deter-
mined, we train the model again with the best hyperparam-
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Figure 1. The structures of multimodal fusion network, pre-
dictor, and drift force model V,,,, .n,. d represents the hidden
dimensionality, and | M| is the number of modalities.

eter setting for five times, and the final results are obtained
by calculating the mean results of the five-time running.

The structures of the multimodal fusion network, predic-
tor, and drift force model Vi, ., are shown in Figure 1.
Notably, CaReFlow scales efficiently to /N modalities by
extending pairwise mappings (e.g., MulT) to central anchor
mapping, which only trains N — 1 forward and N — 1
backward models by defining anchor modality. Each for-
ward/backward model is a lightweight MLP (72K parame-
ters on MOSI), almost negligible compared to total param-
eters (185M).

Notably, we use ‘one-to-many’ and ‘one-to-one’ map-
pings in the forward flow and backward flow, respectively.
We do not use one rectified flow model to realize both for-
ward flow and backward flow because: (1) Forward flow
uses ‘one-to-many’ mapping for global distribution learn-
ing, while backward flow uses ‘one-to-one’ mapping (same-
sample pairs) to ensure point-wise reconstruction of source
features. A single flow cannot handle both. (2) Backward
flow enforces transformed features retain source informa-
tion to regularize forward model. Separation prevents ex-
cessive interference with distribution-mapping learning.

In the ‘one-to-many’ mapping of forward flow, it is com-
mon to transform a source point to a target point that is from
a different class. When transforming X,,,, (happy) to X,,,
(angry), the goal is not to ‘convert happy to angry’ but to
learn distributional structure of target modality. X,,, (an-
gry) is only used to inform X,,, what the language dis-
tribution space is. In other words, CaReFlow learns how
to map a visual feature of ‘happy’ to language distribution
space across all sentiments, i.e., where it should locate in
language space. Moreover, by applying relaxed alignment,
CaReFlow knows a ‘happy’ visual feature should be closer

to the word ‘happy’ in language space, slightly farther from
‘angry’, and much farther from spaces of irrelevant modali-
ties.

5. Baselines

The baselines for MSA include:

(1) DEVA [31]: It generates textual sentiment descrip-
tions from audio-visual inputs to enhance emotional cues,
and employs a text-guided progressive fusion module to im-
prove alignment and fusion in nuanced emotional scenar-
ios; (2) Complete Multimodal Information Bottleneck
(C-MIB) [21]: It utilizes the information bottleneck prin-
ciple to reduce redundancy and noise within unimodal and
multimodal features, serving as the baseline for handling
noisy modalities; (3) Information-Theoretic Hierarchical
Perception (ITHP) [32]: Based on the information bot-
tleneck principle, ITHP defines a core modality and re-
gards the remaining modalities as detectors within the in-
formation pathway that serve to distill the flow of informa-
tion; (4) Multimodal Boosting [24]: It integrates multi-
ple base learners within a boosting-like framework, where
each learner targets distinct aspects of multimodal learn-
ing. To assess the contribution of individual learners, Mul-
timodal Boosting introduces a contribution learning mod-
ule that dynamically determines both the contribution and
noise level of each base learner; (5) Self-Supervised Multi-
task Multimodal sentiment analysis network (Self-MM)
[34]: Tt generates sentiment labels for individual modali-
ties using the global labels of multimodal samples in a self-
supervised manner, which helps extract more discriminative
unimodal features; (6) Disentangled-Language-Focused
Model (DLF) [30]: It proposes a feature disentanglement
module to separate modality-shared and modality-specific
information, and four geometric measures are introduced
to refine the disentanglement process, reducing redundancy
and enhance language-targeted features. It also designs
a language-focused attractor to strengthen language repre-
sentation by leveraging complementary modality-specific
information; (7) Attention-based Causality-Aware Fu-
sion (AtCAF) [15]: AtCAF leverages a counterfactual
cross-modal attention module to identify causal relation-
ships within the training data, establishing a comprehen-
sive causal chain that effectively maps the causal path
from user inputs to model outputs; (8) Decoupled Multi-
modal Distillation (DMD) [17]: To enhance the discrim-
inative features of each modality, DMD introduces a flex-
ible and adaptive cross-modal knowledge distillation ap-
proach. It decouples each unimodal representation into
modality-irrelevant and modality-exclusive subspaces, and
then employs a graph distillation unit to process each de-
coupled component in a more targeted and effective man-
ner; (9) Enhanced Dynamic Emotion Experts (EMOE)
[7]: Tt consists of mixture of modality experts for dy-



Table 2. Hyperparameter Settings of CaReFlow. MAE, MSE and BCE denote mean absolute error, mean square error and binary cross-

entropy, respectively.

CMU-MOSI | CMU-MOSEI | CH-SIMS-v2 | MUStARD | UR-FUNNY
Loss Function MSE MSE MAE BCE BCE
Batch Size 48 64 32 64 40
Learning Rate le-5 le-5 Se-4 4e-6 3e-6
Sample Ratio 3 4 1 4 1 2
Number of Euler Steps % 2 2 2 1 2
Forward Loss Weight oy 0.1 0.005 0.01 0.01 0.05
Backward Loss Weight o, 0.1 0.005 0.01 0.01 0.001
Shared Dimensionality d 120 200 100 100 150
Hidden Dimensionality d 128 64 100 100 150
Margin € le-4 0.001 le-5 Se-5 le-6

namically adjusting modality importance based on sam-
ple features, and unimodal distillation to retain unimodal
predictive ability within fused features; (10) Multimodal
Adaptation Gate BERT/ALBERT (MAG-BERT/MAG-
ALBERT) [26]: It integrates the visual and acoustic infor-
mation into BERT/ALBERT by introducing a multimodal
adaptation gate; (11) Acoustic Visual Mix-up Consistent
(AV-MC) [18]: It employs modality mix-up to enhance
visual and acoustic representations, strengthening the role
of visual and acoustic modalities in sentiment analysis;
(12) Knowledge-Guided Dynamic Modality Attention
Fusion (KUDA) [8]: It guides multimodal fusion with emo-
tional knowledge by dynamically selecting the dominant
modality and adjusting the contributions of each modal-
ity; (13) MISA [13]: It decomposes unimodal features into
modality-invariant and modality-specific features, and then
fuses them to generate prediction; (14) MultiModal Info-
Max (MMIM) [10]: It enhances multimodal representation
by maximizing mutual information between unimodal fea-
tures as well as between different-level multimodal repre-
sentations and unimodal features.

Notably, we implement the variants of C-MIB, Mul-
timodal Boosting, ITHP, and DLF that use the same
DeBERTa-v3 backbone as our CaReFlow for the CMU-
MOSI and CMU-MOSEI datasets.

The additional baselines for MHD and MSD include:

(1) Multimodal Global Contrastive Learning
(MGCL) [22]: MGCL implements supervised contrastive
learning on multimodal representations and designs various
strategies to generate positive and negative samples for each
representation; (2) Multimodal Correlation Learning
(MCL) [20]: MCL formulates a supervised multimodal
correlation learning task that maintains modality-specific
information while achieving a more discriminative em-
bedding space; (3) Modality Order-driven module for
Sarcasm detection (MO-Sarcation) [27]: It introduces
a modality order-driven module incorporated into a trans-
former network to enable the ordered fusion of modalities;

(4) Multimodal Multitask Interaction Learning (MIL)
[37]: It is a framework for joint detection of sarcasm and
sentiment that consists of a cross-modal target attention
mechanism to automatically learn the alignment between
texts and images/speeches and a multimodal interaction
learning paradigm to simultaneously capture the common-
ness and uniqueness of sarcasm and sentiment; (5) Subject
Causal Intervention (SuCI) [33]: It introduces a simple
yet effective causal intervention module that isolates the
influence of subjects acting as unobserved confounders,
enabling unbiased predictions by leveraging true causal
effects; (6) Humor Knowledge Enriched Transformer
(HKT) [12]: HKT offers an effective approach for MHD
and MSD by leveraging humor-centric features as exter-
nal knowledge to capture the ambiguity and sentiment
information embedded within the language modality; (7)
Multimodal Transformer (MulT) [28]: MulT employs
multiple cross-modal transformers to translate source
modalities to target modalities, thereby reduce the gap
between modalities; (8) Multimodal Learning using
Optimal Transport (MuLOT) [25]: MuLOT uses self-
attention to exploit intra-modal correspondence and optimal
transport for cross-modal correspondence. It uses multi-
modal attention fusion to capture the inter-dependencies
between modalities.

6. Additional Experiments

Table 3. Comparison with simple transformation baselines.

Model MOSI (Acc7/Acc2/MAE)  MOSEI (Acc7/Acc2/MAE)

Linear Layer 43.8/86.3/0.674 53.7/87.3/0.530

MLP (4 Layers) 45.3/87.3/0.666 54.0/86.7/0.523
MLP + Contrastive Learning 47.3/87.5/0.643 53.1/87.1/0.522
CaReFlow 50.6/89.8/0.616 55.7/87.9/0.504




Table 4. Discussion on anchor (target) modality on CH-SIMS-v2.

Anchor Acc5T  Acc3T  Acc2t F1IT MAE|] Corrf

Language Anchor  57.9 75.9 829 829 0277 0.745
Acoustic Anchor 56.3 75.6 82.1 822 0.270 0.743
Visual Anchor 577 75.4 804 804 0271 0.739

6.1. Discussion on Target Modality

We choose language as the target modality, and transform
the distributions of visual and acoustic modalities to lan-
guage distributions. This is because: (1) Affect Domi-
nance: Language directly conveys sentiment with explicit
semantic information, while visual/audio modalities pro-
vide indirect and complementary cues; and (2) Distribution
Consistency: Language features such as BERT embed-
dings have more consistent distributional properties com-
pared to visual/acoustic features that are sensitive to pose,
lighting, etc. Aligning to a consistent language distribution
simplifies cross-modal alignment. Empirically, we evaluate
the performance of the model with varying target modal-
ity. As shown in Table 4, language anchor outperforms
visual/acoustic variants. Nevertheless, other variants of
CaReFlow also obtain strong results, verifying the gener-
alizability of CaReFlow.

6.2. Ablation Study of Batch Size

The value of batch size determines the number of modal-
ity pairs used to train the rectified flow model. In this sec-
tion, we analyze the sensitivity of model performance with
respect to the change of the value of batch size. As pre-
sented in Table 5, Although a larger batch size generally
leads to stronger performance, the results are stable across
batch sizes (£1% in Acc2), indicating CaReFlow is not sen-
sitive to batch size because ‘one-to-many’ mapping ensures
sufficient cross-sample pairs even with small batches.

6.3. Modality Gap Reduction

In this section, we provide a definition and quantifica-
tion of the modality gap. We formalize the modal-
ity gap using Wasserstein-2 distance: Wh(X,Y) =
\/221 > i1 T - llwi — ysll3. As shown in Table 6,
CaReFlow reduces gaps more than all competitive base-
lines, providing direct evidence of modality gap reduction.

6.4. Comparison with Simple Transformations

We conduct additional experiments in Table 3, suggest-
ing CaReFlow outperforms all simple transformations in-
cluding contrastive learning [3], MLP, and linear layer,
mainly because: (1) CaReFlow’s ODE-based trajectory
modeling captures smoother distribution mappings; (2)
Adaptive relaxed alignment outperforms contrastive learn-
ing that treats all pairs equally; and (3) Global distri-
bution awareness learns more effective mapping. To be

more specific, unlike simple MLP/Linear layers or con-
trastive learning that learn point-wise mappings, CaRe-
Flow explicitly models entire target modality distribution.
The ‘one-to-many’ mapping allows each source data to
learn from global target distribution, not just individ-
ual pairs, which is essential for handling scarce data.
Moreover, CaReFlow learns a straight ODE path be-
tween distributions, enabling faster and more stable con-
vergence.
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