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Abstract

Multimodal Sentiment Analysis (MSA) aims to predict sentiment from diverse data
types, such as video, audio, and language. Recent progress in Multimodal Large
Language Models (MLLMs) have demonstrated impressive performance across var-
ious tasks. However, in MSA, the increase in computational costs does not always
correspond to a significant improvement in performance, raising concerns about the
cost-effectiveness of applying MLLMs to MSA. This paper introduces the MLLM-
Guided Multimodal Sentiment Learning Framework (MMSLF). It improves the
performance of task-specific MSA models by leveraging the generalized knowl-
edge of MLLMs through a teacher-student framework, rather than directly using
MLLMs for sentiment prediction. First, the proposed teacher built upon a powerful
MLLM (e.g., GPT-40-mini), guides the student model to align multimodal repre-
sentations through MLLM-generated context-aware prompts. Then, knowledge
distillation enables the student to mimic the teacher’s predictions, thus allowing it
to predict sentiment independently without relying on the context-aware prompts.
Extensive experiments on the SIMS, MOSI, and MOSEI datasets demonstrate that
our framework enables task-specific models to achieve state-of-the-art performance
across most metrics. This also provides new insights into the application of general
MLLMs for improving MSA.!

1 Introduction

Multimodal Sentiment Analysis (MSA) aims to predict sentiment from various types of input, such
as language, video, and audio. Accurate MSA is crucial for several applications, such as Human-
Computer Interaction and Healthcare [1, 2]. Compared to unimodal sentiment analysis, the mutually
complementary nature of multiple modalities typically leads to better performance, thereby improving
the applicability of MSA in real-world scenarios.

A series of studies focused on improving MSA through well-designed representational learning and
multimodal fusion networks. For example, Tsai et al. [3] introduces a novel model which employs
multiple Transformers for pairwise alignment of modality information. Hazarika et al. [4] propose
a method to disentangle each modality into modality-invariant and modality-specific features for
multi-perspectives fusion. Additionally, Yu et al. [5] apply self-supervised learning to generate
pseudo-labels for each modality to learn both modality consistency and inconsistency. Zhang et
al. [6] make language modality as dominant modality to guide the learning of representations in other
modalities, thus mitigating potential conflicts between different modalities. After years of exploration,
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it has become increasingly challenging to achieve performance improvement in MSA. Fortunately,
recent multimodal large language models (MLLMS) have demonstrated notable performance for
various specific tasks [7-11, 2]. For example, Lian et al. [2] explores the application of GPT-4V
[12] for MSA, showing that MLLMs without finetuning can achieve performance comparable to
many task-specific models through their general knowledge. However, the parameters of task-specific
models mostly range from several million to tens of millions. Compared to these task-specific models,
the increased parameter count and computational costs of general MLLMs does not always lead to
a significant improvement in performance, raising concerns about the MLLMs’ cost-effectiveness.
This inspired us to explore whether it is possible to apply general MLLMs knowledge to assist in the
training of task-specific MSA models, thus achieving better MSA.

In this paper, we aim to bridge the gap between task-specific models and MLLMs in MSA by
leveraging the generalized knowledge of MLLM:s to help with training task-specific models. To this
end, we introduce the MLLM-Guided Multimodal Sentiment Learning Framework (MMSLF), which
embeds an MLLM within the teacher network to provide enhanced supervision for the task-specific
student model, thereby avoiding the direct use of the MLLM:s for sentiment prediction. In the teacher
network, we use a pre-trained MLLM (e.g., GPT-40-mini [12]) to generate context-aware prompts
that highlight key sentiment cues across different modalities. These prompts guide the model to
learn conditional attention maps in specially designed alignment modules, helping it better capture
sentiment information. The student network is a task-specific model that learns from the guidance of
the teacher. It receives the same multimodal inputs but does not use prompts from MLLMs. Instead,
it aligns the sentiment information from conditional attention and features learned by the teacher
to improve performance of sentiment analysis. Extensive experiments on popular datasets, such
as SIMS [13], MOSI [14], and MOSEI [15] demonstrate the effectiveness of MMSLEF, showing
its state-of-the-art performance. In summary, our work makes the following contributions, which
introduce a novel solution to the challenges in MSA:

* We explore using the general knowledge of MLLMs to guide the training of task-specific
MSA models, offering new insight into applying general MLLMs to improve MSA.

* We design a conditional alignment mechanism that enables the teacher model with MLLM’s
knowledge to intuitively and efficiently guide the student model’s multimodal alignment
and representation learning.

» Extensive comparisons and ablation studies on three popular datasets (e.g., SIMS, MOSI,
and MOSEI) demonstrate that the proposed MMSLF can improve the training process of
task-specific models, enabling them to achieve state-of-the-art performance across most
metrics.

2 Related Work

2.1 Multimodal Sentiment Analysis

Multimodal Sentiment Analysis (MSA) aims to predict human sentiment by leveraging various types
of data, such as video, audio, and text. Early methods, such as TFN [16] and LMF [17], achieved
state-of-the-art performance by capturing relationships between modalities through Cartesian product-
based tensor fusion. However, these methods face the challenge of rapidly increasing computational
costs as the feature dimensions and the number of modalities grow. With the advent of deep
learning architectures, the attention mechanism has become popular in the design of MSA methods
[3, 18, 4, 19-22, 6]. For example, MulT [3] employs multi-head attention to align modalities,
facilitating more effective multimodal fusion. ALMT [6] leverages language representations at
different scales to guide the learning of other auxiliary modalities, mitigating the influence of noise
that can negatively impact fusion. In addition, various other novel methods [23, 5, 24] have also made
significant progress in the MSA. For example, Yu et al. [5] proposed generating uni-modal sentiment
labels to help the model capture both consistency and differentiation across modalities. Moreover,
Yuan et al. [24] introduced an adversarial training strategy based on semantic reconstruction using
original-noisy instance pairs, achieving robust MSA in simulated noisy scenarios. Despite these
progress, achieving further improvements in performance remains challenging. A recent study [2]
explored the application of GPT-4V in MSA, demonstrating that MLLMs can achieve performance
comparable to small-scale models. Different from this work, our work utilizes MLLMs to help the
learning of task-specific models rather than directly using MLLMs for MSA.



2.2 Large Language Models

In recent years, large language models (LLMs) have made remarkable strides, with models such as
GPT-3 [25], T5 [26], and LLaMA [27] demonstrating impressive capabilities by scaling both data and
model sizes. However, despite these advances, uni-modal LLMs are limited to processing text-based
information, restricting their applicability to a broader range of tasks and scenarios. To overcome this
limitation, researchers have explored the potential of multimodal large language models (MLLMs),
building upon the foundation of uni-modal LLMs. Significant progress has been made in developing
powerful MLLMs [28-31, 8-10, 32-35], showcasing their surprising practical capabilities. For
instance, GPT-4V [12] integrates natural language processing with visual understanding to analyze
images and provide textual responses to questions about them. Similarly, LLaVA [7] translates
visual content into text by employing a linear layer to embed images, making the LLMs understand
visual input. Video-LLaMA [8] achieving multimodal understanding by aggregating representations
from different modalities after applying positional embedding through Q-formers [32]. Moreover,
Zhao et al. [10] introduced MMICL, which leverages multimodal in-context learning to achieve
state-of-the-art performance on various visual language tasks. In this work, we utilize MLLMs to
generate prompts for smaller task-specific models, enabling efficient multimodal learning.

2.3 Teacher-Student Models

The teacher-student framework has been widely applied in knowledge distillation, particularly for
knowledge compression [36]. It focuses on transferring knowledge from a larger teacher model to
a smaller student model through carefully designed strategies, such as soft label matching [37—40]
and feature matching [41-44]. For example, Hinton et al. [37] introduced the use of the teacher
model’s probability distribution as soft labels to guide the student model’s learning process. By
utilizing these soft labels, the student model is trained not only to predict the correct labels but also
to closely align with the teacher model’s soft predictions, thereby facilitating effective knowledge
transfer. Additionally, Zagoruyko et al. [43] proposed an attention transfer method that improves the
student model’s performance by transferring activation-based and gradient-based attention maps from
the teacher model. In the context of MSA, recent advancements include MC-Teacher [40], which
introduced learnable pseudo-label selection and self-adaptive exponential moving average strategies
to achieve semi-supervised MSA. In this work, we employ feature matching and attention transfer
techniques to achieve our research objectives. To the best of our knowledge, this is the first attempt to
transfer the general knowledge of MLLMs to smaller models for MSA.

3 Method

3.1 Overview

The overall pipeline of the MMSLEF is illustrated in Figure 1. First, with the given preprocessed
multimodal input sequences, each modality is processed through three embedding layers. Then,
the extracted features are aligned using a designed Conditional Alignment module, where the
condition is provided by prompts from MLLMs (e.g., GPT-40-mini). Specifically, visual and audio
features are aligned with language features via two alignment modules: Visual-to-Language (V —
L) Alignment and Audio-to-Language (A — L) Alignment. These conditional alignment layers
establish correspondences between modalities with the help of the MLLM’s prompt, facilitating
effective multimodal alignment. Finally, the multimodal fusion module combines the aligned features
to produce a unified representation, which is used to predict the final sentiment score via a regression
loss LTeacher (defined as Eq. 9).

regr
Once the teacher is trained, the student is trained to mimic the behavior of the teacher. The key
difference between the student and teacher is that the student align video and audio features with
language features directly, without the conditional input (i.e., MLLM’s Prompt) used in the teacher.
Additionally, instead of using the regression loss of sentiment scores L3¥d (defined as Eq. 12), two
regularization techniques are used to help the student learn from the teacher: (1) the student’s attention
maps are trained to match the teacher’s conditional attention maps using an attention transfer loss
Ei‘ﬁt‘;de“‘ (defined as Eq. 10), and (2) the fused unified representations of the student are encouraged to

match those of the teacher through a unified representation matching loss £3Ud°™ (defined as Eq. 11).

These loss ensure that the model captures the same patterns as the teacher.
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Figure 1: Overall pipeline of MMSLFE. Note: L, A, and V refer to language, audio, and visual
modalities, respectively.

3.2 Multimodal Input and Embedding

We utilize the preprocessed sequences in the datasets as inputs. Specifically, the language input
is processed using BERT [45], while visual input is handled by OpenFace [46], and audio input
is processed with Librosa [47]. We denote the multimodal input as X,,, € RTmXdm where m €
{L, A, V}, T, represents the length of the input sequence, and d,,, indicates the vector dimension.

Given the multimodal input X,,,, we apply three embedding layers E,,,, each consisting of a linear
layer to extract features from each modality and map them into a unified feature dimension d:

Sy = Ep(Xpn; 05, ) € RTm*d 1))

where 5, represents the embedded features of modality m, and 6y, denotes the parameters associ-
ated with each embedding layer.

3.3 Multimodal Alignment

Prompt Embedding. To extract features from the
MLLMs’ prompt Xp and fix the feature dimension
to d, we apply a pre-trained BERT along with
an embedding layer (comprising a Transformer
encoder with a depth of two layers) to Xp. We
denote the combined operation as Ep. The process
can be described as:

Sp = Ep(Xp; 0g,) € RTX4, 2)

where Sp represents the embedded feature of the
prompt, which has the same feature shape as
Si, and 0g, denotes the parameters used in the

Sp DI jm)=uEA

Modaliys  Modaltya MLLMs, pre-trained BERT, and the embedding
layer. In practice, for the V->L alignment, Xp con-
tains the prompt information from both visual and
language modalities. For the A->L alignment, Xp

Figure 2: An example of conditional attention
used to align modality 3 to modality «.



contains the prompt information from the audio and language modalities. However, since GPT-4o-
mini does not support audio analysis, we only include language information with A->L alignment.
We also experimented with generating prompts using Gemini-2.0-Flash, which supports audio input,
but its performance was not better than GPT-40-mini. For detailed discussions, please refer to Section
4.7 and Section 4.8.

Conditional Attention. To introduce the general knowledge of MLLMs for assistance in model
training, we added conditional inputs based on the multi-head attention mechanism. As illustrated in
Figure 2, to align modality 5 to modality «a, the module first uses S,, to compute Query (Q),,), while
Sp is used to compute the Key (K 3) and Value (V33). The relationship/attention map W, g between
these two modalities is computed as follows:

QaKj
Vg
where dj, denotes the dimension of each attention head, and T, and T3 represent the sequence lengths
of the corresponding modalities. Simultaneously, we apply the prompt Sp as a conditional Query (Qp)

to K3 and V3 to compute a shifted attention map A € R7=>Ts Then, we obtained the conditional
attention map W,,, by fusing W, 5 and A:

Wa,s = € RT>Ts, 3)

Wcon = SOftmax(Waﬁ . A) c RTQXTﬁ’ (4)

where the softmax represents weight normalization operation. Finally, the aligned feature H g:acg""
can be computed as follows:

H et = Feed-Forward(WeonVa; Orwa) € RT*%4, 5)

where Feed-Forward and 0,4 represent the MLPs and corresponding parameters. In practice, the
conditional attention layer is used to replace the original attention layer in the Transformer decoder
[48, 3] while keeping the other components unchanged.

Conditional Alignment in Teacher. The teacher aligned the obtained Sy and S to Sy using the
designed Conditional Alignment module. Specifically, the MLLMs’ prompts is used to specify which
sentiment cues in each modality require more attention, thus helping the teacher better capture aligned
sentiment information across these modalities. We denote the aligned outputs as H{®$°r and H feacher
which are then utilized for multimodal fusion. For example, the process that align visual modality to
language modality can be described as:

HyEher — CondlAlignment (Xy, X | Xp; 632Fer) ¢ RTLx4 (©6)

where CondAlignment represents the Conditional Alignment module, Xp denotes the prompt from
MLLMs, §eacher jg the parameters used to align the modalities.

Alignment in Student. The alignment module in student is designed to learn the relationships
between modalities independently (i.e., learning without the help of MLLMs’ prompts). We denote

the outputs of the module as Hy %" and HY™4™. For example, the H{ %™ can be obtained by:

HYME™ = Alignment(Xy, Xp; 03°%™) € RTx4, (7

where Alignment and 635%™ represent the Alignment module and parameters, respectively.

3.4 Multimodal Fusion and Prediction

With these features extracted from the various modalities, we employ a Transformer encoder with
self-attention blocks for multimodal fusion. In practice, we concatenate the obtained features with a
randomly initialized and learnable regression token Hiygon € R'*? as input, then the Transformer
encoder can transfer and compress essential information to the Hyygon, thus making sentiment
prediction through this token. For the final sentiment prediction, we apply a linear layer to Hygjon:

g = RegreSSion(Hfusion; 0regr) S Rla (8)

where g denotes the predicted sentiment score, Regression represents the linear layer, and O
represents the parameters of the linear layer.



3.5 Learning Objectives

As outlined in Section 3.1, the training of MMSLF consists of two stages: (1) training the teacher
and (2) training the student. In the first stage, the teacher learns to perform MSA under the guidance
of prompts from MLLMs. The overall learning objective is defined as:

N
1 . .
Teach Teach .
Lownil = Lo = 37 Yol =y, ©)
i=1
where N is the number of samples in the training set, 3 is the sentiment label of the i-th sample,

is the prediction of teacher. In the second stage, the student is trained under the supervision of the

teacher, whose parameters remain frozen. The attention transfer loss £59t js formulated as:

N
1 ) )
L™ =5 D W' = Wi, (10)
i=1

where W is the attention map from the last layer of the alignment module in the student, and W is
the conditional attention map from the last layer of the conditional alignment module in teacher. The
fused unified representation matching loss £3U" is defined as:

fusion
N
Student 14 ]
Lission = N Z |Hﬂision - Hfzusion‘ (11)
i=1
where H/t . ~and H{ . represent the fused features from the student and teacher, respectively. The

sentiment prediction loss for the student is defined as:
1o i
Stud o i
L™=+ 2; " —yl, (12)
i=

where 3/ "is the prediction of student. Overall, the learning objective of student is:

EStudem _ ESludent + OAC'Sludem + 6£Student (13)

overall — “~regr attn fusion >

where the v and 3 are empirically chosen hyperparameters. In practice, for the SIMS dataset, «v and
[ are set to 60.0 and 8.0, respectively, while for the MOSI dataset, they are set to 100.0 and 4.0. For
more discussion of the hyperparameters, please refer to Appendix C.1 and Appendix B.9.

4 Experiment and Analysis

4.1 Datasets

SIMS. SIMS [13] is a Chinese MSA dataset, with data sourced from Chinese movies, TV series, and
variety shows, featuring complex real-world scenarios. It consists of 1,368 training samples, 456
validation samples, and 457 test samples. Each sample is annotated with a continuous sentiment score
ranging from -1 to 1, where -1 represents negative sentiment, and 1 represents positive sentiment.

MOSI. MOSI [14] is an English MSA dataset, composed of data collected from YouTube. The
dataset includes 1,284 training samples, 229 validation samples, and 686 test samples. Each instance
is manually annotated with a continuous sentiment score ranging from -3 to 3, with -3 representing
strongly negative and 3 representing strongly positive.

MOSEI MOSEI [15] is an English MSA dataset with data collected from YouTube. It contains
22,856 video clips, including 16,326 training samples, 1,871 validation samples, and 4,659 test
samples. Similar to MOSI, each sample is manually annotated with a score ranging from -3 to 3.

4.2 Baselines

We compare our method with several advanced task-specific MSA methods, whose model parameters
range from several million to tens of millions. These methods include: TFN [16], LMF [17], MuLT
[3], MISA [4], Self-MM [5], TETFN [21], ALMT [6], DLF [49], and concurrent work DeepMLF [50].



The performance of these models is all reproduced using a popular framework MMSA [51]. We also
include some MLLMs, such as Video-LLaMA?2 [9], GPT-4V [12], GPT-40-mini [12], and Gemini-
2.0-Flash [52], for comparison. Additionaly, due to factors including differences in experimental
settings, the lack of open-source implementation for certain methods, and space limitations, we have
conducted additional comparisons in Appendix B.1 for more detailed comparison and discussion.

4.3 Evaluation Criteria

Consistent with previous studies [4, 6], we evaluate the regression tasks by reporting the mean
absolute error (MAE) and the correlation between the model’s predictions and human annotations
(Corr). Since the predicted sentiment score can be used to compute classification accuracy, we also
report Acc-2 and F1 scores for all datasets. For example, scores > 0 are treated as positive while
scores < 0 are non-positive. This method is widely used in the MSA studies. Additionally, in line
with prior work [4, 6], we report accuracy based on both negative/positive and negative/non-negative
classifications for the MOSI and MOSEI datasets. In the tables, performance metrics computed using
these two classification methods are separated by a ““/”, with the left side representing negative/non-
negative performance and the right side representing negative/positive performance. All results are
averaged over five runs, with standard deviations reported.

Since there are significant differences in the performance of many MLLMs between classification
tasks and regression tasks, directly calculating classification accuracy based on regression metrics
leads to poor performance for models like GPT-40-mini. To more accurately demonstrate the
true capabilities of MLLMs, we conducted two evaluations on the MLLMs. One of the tests
involved using a classification prompt template to evaluate the Acc-2 and F1 metrics, while the
other involved using a regression prompt template to assess the MAE and Corr metrics. For a
fair comparison, all task-specific models were evaluated in the same manner, i.e., using Acc-2
(SIMS)/negative/non-negative Acc-2 (MOSI and MOSEI) to determine the model parameters for
evaluation of classification performance and using MAE to determine the model parameters for
evaluation of regression performance. More related discussions can be found in Limitation.

4.4 Performance Comparison

Table 1, Table 2 and Table 3 present the performance results on SIMS, MOSI and MOSEI, respectively.
Gemini-2.0-Flash, which is a advanced MLLM at present, performs the best in most metrics. Notably,
the performance of the teacher is close to the GPT-40-mini in many metrics, and it outperforms both
Video-LLaMA?2 and GPT-4V in all metrics on all datasets. Furthermore, compared to Video-LLaMA?2
and GPT-4V, both the teacher and student demonstrate improvements across most metrics. For
example, on the SIMS, the student achieves an Acc-2 of 81.40+1.58, marking a relative improvement
of 1.64% over Video-LLaMA2. When compared to the task-specific model ALMT, student achieves a
2.10% relative improvement in F1 on the SIMS. A similar trend is observed on the MOSI and MOSEI
dataset (Table 2), showing the general applicability of MMSLF across cultures, i.e., both Chinese and
English datasets. Moreover, it is worth noting that the student can achieve advanced performance
with fewer parameters compared to MLLMs, which underscores the potential of task-specific models
in the MSA field. Furthermore, as shown in the Table 3, the results on the larger dataset MOSEI
show that teacher/-Student achieves advanced performance on many metrics. This demonstrates
that MMSLF has good generalization ability on datasets with different sizes. It is worth noting
that the concurrent work DeepMLF demonstrates notable performance across the three datasets. By
introducing a task-specific MLLM with learnable tokens for multimodal fusion, DeepMLF brings
a promising research direction for MSA. Alongside MMSLEF, it further highlights the potential of
MLLM:s in advancing the MSA field.

4.5 Effect of Each Component

In Table 4, we show the results by removing specific components. First, when we removed the
MLLMs’ prompt from the teacher, we observed a significant drop in performance across both
datasets. Specifically, on the SIMS dataset, the F1 score decreased from 84.06% to 80.84%, and MAE
increased from 0.370 to 0.436. A similar trend was observed on the MOSI dataset, where the F1 score
dropped from 85.15% to 79.60%, and MAE increased from 0.734 to 0.914. These phenomenoa show
that the MLLMs plays a crucial role in helping the model capture relevant multimodal information



Table 1: Performance comparison on SIMS dataset. a represents the results reproduced by the
authors from open-source code with default hyperparameters. b represents the results are from [2]. ¢
represents the results are from [13].

Method Acc-2 F1 MAE Corr
Video-LLaMA2¢ 80.09 79.94 0.584 0.476
GPT-4V® 81.24 - - -
GPT-40-mini® 82.71 82.51 0.453 0.663
Gemini-2.0-flash® 85.12 84.69 0.381 0.747
TFN“ 78.124+1.56 77.834+1.62 0.43441.12 0.57941.50
MISA® 77.7241.10 76.544+1.67 0.451+1.83 0.57041.95
Self-MM* 77.9441.11 77.72+0.68 0.418+1.05 0.589+1.54
TETFN* 80.18+0.49 79.3440.52 0.42241.30 0.588+1.71
ALMT“ 79.914+0.29 80.17+0.60 0.421£0.69 0.583+0.70
DeepMLF* 82.89+2.37 83.09+2.32 0.36240.30 0.72040.30
MMSLF

Teacher 83.061+0.95 84.06+0.43 0.370+0.50 0.690+0.80

Student 81.40+£1.58 81.85+1.41 0.38241.39 0.66241.26

Table 2: Performance comparison on MOSI dataset. a represents the results reproduced by the
authors from open-source code with default hyperparameters, while b represents the results are from

[2].

Method Acc-2 F1 MAE Corr
Video-LLaMA2® 83.24/86.43 82.60/86.23 1.149 0.696
GPT-4V? 80.43/- - - -
GPT-40-mini® 87.32/89.48 87.17/89.42 0.997 0.842
Gemini-2.0-flash® 87.76/89.49 87.74/91.61 0.633 0.856
TFN® 77.38+1.37/78.1140.60  77.3541.33/78.024£0.57  0.949+3.13  0.662+1.95
MISA® 80.93+0.99/81.05+0.83  80.9041.03/81.01£0.87  0.773£1.81  0.775+0.63
Self-MM* 82.9440.63/83.18+0.35  82.95+0.63/83.09+0.36  0.717+1.53  0.79240.55
TETFN® 80.87+0.52/80.824+0.53  80.8740.52/80.82-£0.53  0.726£1.68  0.791-0.86
ALMT® 83.0040.22/85.1240.20  83.00£0.22/85.19+0.27  0.713+0.75  0.79540.54
DLE® -/83.6940.29 -/83.714+0.27 0.761+1.81  0.78140.48
DeepMLF 79.65+1.04/81.1040.85  79.52+1.17/81.04+0.95  0.795+2.41  0.758+1.12
MMSLF

Teacher 85.05+0.66/86.61+0.69  85.15+0.66/86.69+0.69  0.734+=1.46  0.797+0.60

Student 83.62+0.91/85.37+1.00  83.6840.96/85.50+£0.96  0.746£1.63  0.775£1.10

Table 3: Performance comparison on MOSEI dataset. a represents the results reproduced by the
authors from open-source code with default hyperparameters.

Method Acc-2 F1 MAE Corr
Video-LLaMA2¢ 83.29/84.50 83.23/85.21 0.922 0.406
GPT-40-mini® 85.04/86.90 85.25/87.04 1.015 0.744
Gemini-2.0-flash® 88.07/58.86 88.08/72.08 0.583 0.743
TFN“ 83.0040.45/82.90+0.43  82.68+0.40/82.83+0.41  0.566+0.31  0.725+0.21
MISA® 84.414+0.30/85.09+0.62  84.1640.30/85.02+0.59  0.5534+0.46  0.759+0.25
Self-MM* 84.154+0.50/84.90+0.49  84.154+0.43/84.79+0.40  0.529+0.47 0.764+0.45
TETFN“ 84.1840.62/85.42+0.43  84.0640.63/85.31+£0.55  0.5434+0.51  0.769+0.27
ALMT* 84.354+0.34/84.76£0.45  84.104+0.32/84.25+0.59  0.5424+0.45 0.768+0.17
DLF* -/84.76+0.32 -/84.70+0.35 0.543+0.11  0.759+0.30
DeepMLF 83.4940.52/86.67+0.40  83.79+0.45/86.57+0.41  0.510+0.42  0.800+0.24
MMSLF

Teacher 85.08+0.36/86.62+0.75  85.55+0.24/86.71+0.71  0.539+1.06  0.773+1.51

Student 83.9640.38/84.67+0.27  84.2040.48/84.74+0.28  0.5484+0.41  0.747+0.51




more effectively. Second, we removed the guidance of the teacher during the training of the student.
This led to a decrease in the student model’s performance, with the F1 score on SIMS dropping
from 81.85% to 78.72%, and on MOSI from 83.68% to 83.00%. The increase in MAE values
on both datasets also reflects the student model’s reduced ability to align multimodal information
without teacher guidance. It also shows that the importance of knowledge distillation, as the teacher’s
guidance can help the student learn the relationship between each modality effectively. Furthermore,
the ablation results on the MOSEI dataset can be found in Appendix B.10.

Table 4: Effect of each component.

Method SIMS MOSI
F1 MAE F1 MAE
MMSLEF-Teacher 84.06+£0.43 0.370+0.50 85.15+0.66/86.69+0.69 0.734+1.46
w/o prompt 80.84+0.93 0.436+0.57 79.60£0.95/81.21£1.07 0.914+0.68
MMSLF-Student 81.85+1.41 0.382+1.39 83.68+0.96/85.50+0.96 0.746+1.63

w/o guid. of teacher 78.72+0.53 0.429+£1.02 83.00+0.59/85.07+£0.52 0.743£1.30

4.6 Effect of Each Regularization

To evaluate the effect of each regularization in the student, we removed Efl‘l‘l’]dem, E?Lfgi‘f;m, and both

LRtudent gng £5dent The results are presented in Table 5. We observe that both F1 and MAE decrease
when each regularization is removed, indicating that every regularization contributes positively to
the performance of student. Moreover, it is evident that the impact of each regularization is more
significant on the SIMS dataset than on the MOSI dataset. For example, when £304 jg removed,
the F1 score drops by a relative 3.24% on SIMS, while it decreases by only 1.11% on MOSI.
These differences could be attributed to the varying levels of difficulty between the MOSI datasets.

Additionally, we tried different combinations of « and 3, please see Appendix B.9 for more details.

Table 5: Effect of each regularization.

Method SIMS MOSI
Fl MAE Fl MAE
MMSLF-Student 81.85+1.41  0.382+1.39  83.68+0.96/85.50-0.96  0.746+1.63
w/o L3udent 79.28+0.75 04534048  82.76+0.30/84.80+0.42  0.7414+0.71
wlo L1den 79.23+0.69 04284087  83.16+0.51/85.44+0.55  0.738+0.76

w/o L3udent g Student 78.7240.53 0.429+1.02 83.0040.59/85.07+0.52 0.7434+1.30

4.7 Effect of Prompt from Different MLLMs

To evaluate the impact of different prompts on task-specific model performance, we compared the
results of using prompts generated by Gemini-2.0-Flash and GPT-40-mini. As shown in Table 6, the
teacher and student models guided by GPT-40-mini outperform those guided by Gemini-2.0-Flash
across most metrics. Despite Gemini-2.0-Flash’s additional capability to process audio, its prompts
are less effective, resulting in a significant performance decrease (further discussion on the quality
of prompts can be found in Section 4.8). This indicates that the quality of prompts generated by
large models is important to the performance of task-specific models, and that optimizing prompt
generation for specific tasks can significantly improve task-specific models’ performance.

4.8 Analysis of Sentiment Cues in MLLMs’ Prompt

To further analyze the impact of prompts generated by different large models, we show the results of
sentiment classification using prompts from different modalities in the Table 7. The results indicate
that Gemini-2.0-Flash performs significantly worse than GPT-40-mini across multiple metrics. For
example, in the SIMS dataset, Gemini-2.0-Flash has an Acc-2 and F1 of 18.82% and 31.68%,
respectively, for the linguistic cue, while GPT-40-mini achieves 78.99% and 79.64%. A similar trend
is observed in the MOSI dataset. These results indicate that, despite Gemini-2.0-Flash having the



Table 6: Effect of prompt from different MLLMs.

Method (MLLM) SIMS
Acc-2 F1 MAE Corr
MMSLF (Gemini-2.0-Flash)
Teacher 81.0940.23 81.0940.29 0.377+0.73 0.686+£1.53
Student 80.00+0.41 80.1140.54 0.4224+0.96 0.627+1.70
MMSLF (GPT-40-mini)
Teacher 83.0640.95 84.06+0.43 0.370+0.50 0.690+0.80
Student 81.40+1.58 81.85+1.41 0.382+1.39 0.662+1.26
Method (MLLM) MOSI
Acc-2 F1 MAE Corr
MMSLF (Gemini-2.0-Flash)
Teacher 80.58+0.67/82.59+0.53 80.5140.69/82.59+0.55 0.865£2.55 0.71142.57
Student 83.5640.38/85.37+0.54 83.4940.37/85.26+0.54 0.722+0.93 0.7834+0.56
MMSLF (GPT-40-mini)
Teacher 85.05+0.66/86.61+0.69 85.15+0.66/86.69+0.69 0.734+1.46 0.797+0.60
Student 83.6240.91/85.37+1.00 83.6840.96/85.50+0.96 0.746+£1.63 0.775+1.10

added capability of analyzing the audio modality compared to GPT-40-mini, the accuracy of the
prompts it generates is still not as good as that of GPT-40-mini. They may contain more misleading
information, which may result in poorer performance when using prompts generated by Gemini-2.0-
Flash for model training as discussed in Section 4.7. This also indicates that the accuracy of the
sentiment information in the prompts has a significant impact on the task-specific model.

Table 7: Analysis of sentiment cues in MLLMs’ prompt. The left side and right side of “/” are Acc-2
and F1, respectively.

SIMS MOSI
Prompts Source
L \Y A L A% A
Gemini-2.0-Flash ~ 18.82/31.68  14.22/24.90  4.60/8.79  83.39/83.37  57.29/50.35  56.85/49.91
GPT-40-mini 78.99/79.64  78.56/75.82 - 86.88/86.87  76.68/75.84 -

5 Conclusion and Future Work

In this paper, we explored the application of MLLMs in MSA tasks and assumed that MLLMs can
assist task-specific models during training, thus achieving better performance. To validate this idea,
we introduced a novel MLLM-guided Multimodal Sentiment Learning Framework (MMSLF). This
framework leverages general-purpose MLLMs to generate prompts that guide the learning process
of a teacher model. The teacher subsequently transfers the acquired knowledge to a student model,
enabling it to perform inference independently without further reliance on MLLM-generated prompts.
Extensive experiments on the SIMS, MOSI, and MOSETI datasets demonstrate that MMSLF achieves
competitive performance across most metrics, thereby confirming our initial assumption and offering
new insights into the integration of MLLMs for MSA tasks.

Moreover, current MSA research faces two key challenges. First, achieving significant performance
improvements has become increasingly difficult. One of the reasons is that many current research
over-relies on conventional feature extraction toolkits such as Librosa and OpenFace. While effective,
these tools may not provide sufficiently rich representations for advanced architectures. Exploring
more powerful pretrained multimodal feature extractors could offer new directions for progress.
Second, reproducibility remains a critical issue. Many existing MSA datasets are relatively small,
leading to high training variance and sensitivity to initialization. This data scarcity not only hinders
model generalization but also complicates fair comparisons across studies. Therefore, we argue that
there is a need to establish larger, more diverse, and well-annotated MSA benchmarks. In our future
work, we aim to address these limitations and extend the proposed framework to broader affective
computing tasks.
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A Limitations

In this paper, we explored the possibility of using prompts from general MLLMs to help model
alignment, thus improving model’s performance. To effectively verify the feasibility of the ideas, we
use simple and intuitive model designs. However, this also leads to some limitations of the model.
(1) Due to the use of traditional feature extractors, the performance of MMLSF has not been fully
realized. For example, in Appendix B.3, the model’s performance improved after replacing with a
more powerful feature extractor. (2) Due to the large number of parameters of MMSLF-Teacher,
when training it on small-scale datasets such as MOSI and SIMS, the phenomenon of overfitting
is extremely severe. (3) Due to the small parameters of the MMSLF-Student, the model training
is unstable (as shown in Appendix B.11). During the training process, we found that there were
significant differences in performance under different random seeds.

B Additional Experiments and Analysis

B.1 Additional Comparison

Despite the differences of the settings, such as five runs, in the MSA method, we still to use the
original results to ensure a comprehensive comparison. This methods includes TFN [16], LMF [17],
MuLT [3], MAG-BERT [18], MISA [4], Self-MM [5], TETEN [21], CENET [22], ALMT [6], KuDA
[53], DMD [54], MMML [55] (See Appendix B.3), DLF [49], TCAN [56] and concurrent work
DeepMLF [50].

As illustrated in Table 8, Table 9, and Table 10, we use MAE as the key metric to determine the model
checkpoints which is consistent with the comparative methods. It is obvious MMSLF demonstrates
competitive performance across all datasets, with particularly strong results on the student model.
We also observed an interesting phenomenon: the student slightly outperforms the teacher on some
metrics. For example, the teacher achieves an Acc-2 of 76.71 while the student achieves an Acc-2
of 80.18. We believe that this occurs because we retained direct supervision from the ground truth
labels rather than fully aligning with the teacher during student training, so some of the teacher’s
subtle biases were not transferred. These phenomenon demonstrate the effectiveness of our proposed
framework. In addition, we can see that DeepMLF achieves excellent performance on multiple
datasets, which is inseparably linked to its architecture design that directly utilizes LLMs such as
GPT-2.

Table 8: Performance comparison on SIMS dataset. a represents the results are from MMSA [51]. b
represents the results reproduced by the authors from open-source code.

Method Acc-2 F1 MAE Corr
KuDA 80.74 80.71 0.408 0.613
TFN¢ 78.38 78.62 0.432 0.591
LMF* 77.77 77.88 0.441 0.576
MulT* 78.56 79.66 0.453 0.564
MISA* 76.54 76.59 0.447 0.563
Self-MM* 80.04 80.44 0.425 0.595
TETFN“ 81.18 80.24 0.420 0.577
CENET* 77.90 77.53 0.470 0.540
ALMT’® 78.08+0.63 78.244+0.58 0.42140.69 0.58340.70
DeepMLFb 82.19+0.80 82.50+0.74 0.3624+0.30 0.7204+0.30
MMSLF

Teacher 76.714+3.05 77.314+2.72 0.3704+0.50 0.6904+0.80

Student 80.18+1.07 80.18+1.08 0.3824+1.39 0.6624+1.26

B.2 Generality of the Proposed Framework

To evaluate the generality of the MMSLF, we applied the Teacher-Student framework to ALMT [6].
As shown in Table 11, ALMT-Teacher outperformed MMSLF-Teacher across all metrics on both
the MOSI datasets, demonstrating the effectiveness of utilizing MLLLMs to improve the learning of
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Table 9: Performance comparison on MOSI dataset. a represents the results are from MMSA [51]. b
represents the results reproduced by the authors from open-source code.

Method Acc-2 F1 MAE Corr
MAG-BERT -/86.10 -/86.00 0.712 0.796
DMD -/83.23 -/83.29 0.752 -
TCAN -/86.28 -/86.15 0.714 0.797
KuDA 84.40/86.43 84.48/86.46 0.705 0.795
TFN“ 77.99/79.08 77.95/79.11 0.947 0.673
LMF® 77.9/79.18 77.8/79.15 0.950 0.651
MulLT* 79.71/80.98 79.63/80.95 0.880 0.702
MISA? 81.84/83.54 81.82/83.58 0.777 0.778
Self-MM* 83.44/83.36 85.46/85.43 0.708 0.796
TETFN“ 83.24/85.37 83.13/85.33 0.708 0.798
CENET® 83.53/85.21 83.49/85.22 0.725 0.795
ALMT? 82.22+0.83/84.12+0.55 82.1540.87/84.11+£0.55 0.7134+0.75 0.7954+0.54
DLF® -/83.66+0.44 -/83.70+£0.43 0.7614+1.81 0.7814+0.48
DeepMLFb 81.60+0.74/83.081+0.84 81.55+0.78/83.08+0.88 0.79542.41 0.758+1.12
MMSLF

Teacher 84.3240.92/85.894+1.07 84.20+0.96/85.82+1.10 0.73441.46 0.79740.60

Student 82.52+0.42/84.141+0.75 83.4940.51/84.18+0.74 0.746+1.63 0.7754+1.10

Table 10: Performance comparison on MOSEI dataset. a represents the results are from MMSA [51].
b represents the results reproduced by the authors from open-source code.

Method Acc-2 F1 MAE Corr
DMD -/84.62 -/84.62 0.543 -
TCAN -186.27 -/186.17 0.532 0.774
KuDA 83.26/86.46 82.97/86.59 0.529 0.776
TFN“ 78.50/81.89 78.96/81.74 0.573 0.714
LMF® 80.54/80.94 83.48/83.36 0.576 0.717
MulT* 81.15/84.63 81.56/84.52 0.559 0.733
MISA® 80.67/84.67 81.12/84.66 0.558 0.752
Self-MM* 83.76/85.15 83.82/84.90 0.531 0.765
TETFN* 84.12/86.21 84.35/86.11 0.537 0.770
CENET*® 83.52/86.38 83.85/86.32 0.526 0.778
ALMT® 83.2840.40/85.16+0.39 83.20+0.78/85.141+0.76 0.5424+0.45 0.768+0.17
DLF® -/84.534+0.52 -/84.4940.47 0.543+0.11 0.759+0.30
DeepMLFb 81.57+0.71/86.234+0.30 82.16+0.60/86.27+0.27 0.5101+0.42 0.800+0.24
MMSLF

Teacher 83.5541.61/85.55+0.73 83.74+1.23/85.314+0.90 0.5394+1.06 0.773+1.51

Student 81.44+2.21/85.13+0.44 82.00+2.02/85.09+0.29 0.52040.33 0.74140.60

task-specific small models. However, ALMT-Student did not exhibit the same level of improvement
as MMSLF-Student. We attribute this isbecause that ALMT was not originally designed with the
Teacher-Student framework. Its reliance on multiple specialized attention maps complicates the
optimization of the student model during the knowledge distillation process. Additionally, it is worth
noting that MMSLF-Student achieved better results than ALMT-Student with a significantly smaller
number of parameters, further demonstrating the effectiveness and efficiency of the MMSLF.

B.3 Modality Extractor Analysis

Some recent methods like DeepMLF [50] and MMML [55] use advanced feature extractors to help
the model to achieve better performance. We also investigated the impact of the feature extractor
on the MMSLF’s performance and compared it with MMML. Consistent with MMML, we ues
RoBERTa and Data2Vec as the text and audio modality extractor, respectively. Moreover, we used
MAE to determine the model parameters and report the results with three runs. The results are shown
in the Table 12 below. We can see that MMSLF achieve performance improvement using more
powerful feature extractors. Compare with MMML, although MMML achieves higher performance
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Table 11: Generality of the proposed framework.

Method Acc-2 F1 MAE Corr
SIMS
ALMT
Teacher 84.201+0.57 84.45+0.81 0.363+0.76 0.711+1.50
Student 79.8741.81 80.58+1.05 0.4184+2.15 0.58743.97
MMSLF
Teacher 83.0640.95 84.064+0.43 0.370+0.50 0.69040.80
Student 81.4041.58 81.85+1.41 0.382+1.39 0.6624+1.26
MOSI
ALMT

Teacher 86.56:0.68/88.02-£0.67 86.63£0.69/88.06-:0.68 0.677+0.57 0.834+0.46

Student 83.26+0.41/85.43+0.14 83.38+0.31/85.52+0.15 0.720+0.54 0.784£0.28
MMSLF

Teacher 85.05+0.66/86.611+0.69 85.15+0.66/86.691+0.69 0.734+1.46 0.797£0.60

Student 83.62+0.91/85.37+1.00 83.68+0.96/85.501+0.96 0.746£1.63 0.775£1.10

on Acc2-Has0 (86.32%) and F1-Has0 (86.23%), our method outperforms on more metrics. For
example, the teacher achieves better results on Corr (0.792+0.15). The student achieves better results
on Acc2-NonO (87.09+0.25), F1-Non0 (87.18+0.24) and MAE (0.513+1.27). These results indicate
that it is feasible to use updated and more powerful extractors to achieve better MSA performance.

Table 12: Comparison with MMML on MOSETI dataset.

Method Acc-2 F1 MAE Corr

MMML 86.32/86.73 86.23/86.49 0.517 0.791
MMSLF-Teacher  85.47£0.25/87.06+0.46 85.53£0.27/87.16£0.38 0.522+1.31 0.792£0.15
MMSLF-Student  85.93+0.58 / 87.09+0.25 86.08+0.55/87.18+0.24  0.513+1.27 0.785+1.66

B.4 Efficiency-Performance Trade-off Analysis

As shown in Table 13, we quantitatively presented the efficiency-performance trade-off analysis in
terms of parameters, GFLOPs, and inference time on SIMS datasets. Note that the reported parameter
counts do not include those of the feature extractors used for serialization, such as OpenFace [46],
Librosa [47], and BERT [45]. This is because tools like Librosa lack well-defined parameter counts.
More importantly, excluding them allows for a fairer comparison focused on the core modeling
components across methods. The overall computational complexity of the models can be assessed
using the GFLOPs metric.

Obyviously, our student model achieves competitive performance (F1 of 81.85£1.41 on SIMS) with
only 0.82M parameters, 8.6 GFLOPs, and 6.39s test-time inference. This demonstrate that our
methods can achieve better efficiency-performance trade-off than other methods. In contrast, Gemini-
2.0-Flash and GPT-40-mini require larger parameters and >22min inference time. These results
demonstrate that our method offers a trade-off between performance and computational cost. In
addition, it is also worth noting that although MMSLF has a small number of parameters, its GFLOPs
are relatively higher. This is because we do not compress the input sequences’ length as the prior
methods [4, 6]. With further optimization (e.g., sequence dimension reduction), the computational
cost of MMSLEF can be further reduced.

B.5 Significance Analysis

As shown in Table 14 below, we show two-tailed t-tests between the Student model and the
task-specific baseline ALMT. The resulting p-values are MAE=0.0029, Corr=0.00022, Acc-2=0.095,
and F1=0.066. Under the conventional 0.05 threshold, the Student’s improvements on MAE and Corr
are statistically significant, while the gains on ACC-2 and F1 show the same positive trend.
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Table 13: Comparison of efficiency and performance on the SIMS dataset.

Method Parameters GFLOPs Inference Time F1 MAE
GPT-4V > 7B - > 30min 81.24 -
GPT-40-mini > 7B - > 27min 82.51 0.453

Gemini2.0-Flash > 7B - > 22min 84.69 0.381
TFN 35.63M 0.101 3.46s 77.834+1.62 0.4344+1.12
MISA 21.66M 7.33 12.32s 76.544+1.67 0.4514+1.83
Self-MM 0.38M 6.66 11.40s 77.724+0.68 0.4184+1.05
TETEN 1.53M 6.72 26.57s 79.3440.52 0.42241.30
ALMT 2.60M 7.00 16.08s 80.1740.60 0.42140.69
MMSLF-Teacher 2.54M 96.16 > 12.31s + 27min 84.06+0.43 0.370+0.50
MMSLF-Student 0.82M 8.61 6.39s 81.85+1.41 0.3824+1.39

Table 14: Two-tailed t-tests between the Student model and the ALMT on SIMS dataset.

Method p-value (MAE) p-value (Corr) p-value(Acc.2) p-value (F1)
MMSLF-Student & ALMT 0.0029 0.00022 0.095 0.066

B.6 Prompt Sampling Analysis

Considering both cost and performance, we obtain all prompts once before training the teacher model.
We also experimented with generating three prompts per sample and randomly sampling one during
training on SIMS dataset, but found that this way lead to higher cost without significant performance
improvement. As shown in Table 15 below, the "No Sampling" setting achieves comparable or
even better results. Moreover, we observe that the “Sampling” strategy introduces noticeably higher
variance for MMSLF-Teacher, especially in MAE and Corr (e.g., 2.71 vs. 0.50 for MAE std),
suggesting that sampling different prompts may introduce inconsistent guidance and lead to unstable
training. However, for MMSLF-Student, the variance across runs is relatively small in both settings
(e.g., F1 std: 1.41 vs. 0.60), indicating that the student model is less sensitive to prompt sampling.
This is likely because the student learns from the teacher’s distilled representations and attention
patterns, rather than directly using the prompts.

Table 15: Effect of prompt sampling methods on performance.

Method Acc-2 F1 MAE Corr

MMSLEF-Teacher (Sampling) 83.57+£1.73  83.23£1.30 0.370+2.71 0.682+4.69
MMSLF-Student (Sampling) 81.05£0.66  81.18+£0.66 0.385+£0.92  0.667+0.87
MMSLF-Teacher (No Sampling)  83.06+£0.95 84.06+0.43  0.370+0.50  0.690+0.80
MMSLF-Student (No Sampling)  81.40£1.58 81.85+£1.41 0.382+1.39 0.662+1.26

B.7 Prompt Sensitivity Analysis

As shown in Table 16 below, we evaluated our method using different prompt templates to assess
robustness. The experimental results in the table show small performance variance across different
prompt formulations within the same MLLM. This indicate that advanced large-scale MLLMs may
generate stable outputs regardless of reasonable prompt variations. This stability validates our
framework’s robustness to prompt engineering choices. In addition, the performance difference
between GPT-40-mini and Gemini-2.0-Flash may stem from their varying abilities to generate
accurate and informative prompts for sentiment-centered multimodal tasks, rather than sensitivity to
prompt variations. Therefore, compared to changing the prompt input, the more important is to select
a appropriate mLLM with strong domain-specific capabilities.

B.8 Performance Impact of Varying Student Parameters

Table 17 presents the performance impact of different parameter settings on the student model. We
control the model parameters by modifying the depth of the alignment module. Notably, the student
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Table 16: Comparison of Prompt Sensitivity and Robustness on SIMS datasets.

Method  Prompt Acc-2 F1 MAE Corr

Teacher Prompt 1 (Default, GPT-40-mini)  83.061+0.95 84.06+0.43 0.3704+0.50 0.690+0.80
Teacher Prompt 2 (GPT-40-mini) 81.23+5.94 83.93+1.16 0.346+1.12 0.716+1.47
Teacher Prompt 3 (GPT-40-mini) 80.044+5.37 82.51+0.71 0.3724+1.20 0.687+2.72
Teacher  Prompt 4 (Gemini-2.0-Flash) 81.094+0.23  81.09+0.29 0.3774+0.73  0.686+1.53
Teacher Prompt 5 (Gemini-2.0-Flash) 77.90+£7.03 82.87+1.21 0.35542.25 0.70443.08
Teacher  Prompt 6 (Gemini-2.0-Flash) 71.42+4.11 81.95+0.07 0.384+1.47 0.658+1.82
Student  Prompt 1 (Default, GPT-40-mini) 81.40+1.58 81.85+1.41 0.382+1.39 0.662+1.26
Student  Prompt 2 (GPT-40-mini) 81.40+1.09 81.654+0.96 0.394+1.06 0.667+0.45
Student  Prompt 3 (GPT-40-mini) 80.744+0.37 80.92+0.74 0.3934+1.80 0.664+1.34
Student  Prompt 4 (Gemini-2.0-Flash) 80.004+0.41 80.11+£0.54 0.4224+0.96 0.627+1.70
Student  Prompt 5 (Gemini-2.0-Flash) 81.1840.97 81.15+0.89 0.3874+1.92 0.670+2.69
Student  Prompt 6 (Gemini-2.0-Flash) 81.05+0.45 81.14+0.37 0.381+0.96 0.676+1.59

achieves optimal performance with 0.82M parameters, corresponding to a configuration (as shown in
Table 20) of 1 embedding layers, 2 alignment layers, and 2 multimodal fusion layers. beyond this
point, increasing the model size does not significantly improve the performance, showing that the
model has likely already fully utilized its learning capacity.

Table 17: Performance Comparison of Varying Student Model Parameters on SIMS dataset. The
parameters from BERT used for input preprocessing are excluded from the reported parameter count.

Method Parm. Acc-2 F1 MAE Corr
ALMT 2.60M 79.9140.29 80.17+0.60 0.42140.69 0.5834+0.70
Teacher 2.54M 83.06+0.95 84.06+0.43 0.370+0.50 0.690+0.80
0.49M 80.74+t1.16 81.44+1.03 0.4084+1.52 0.638+2.15
0.82M 81.40+1.58 81.85+1.41 0.3824+1.39 0.662+1.26
Student 1.46M 80.66+0.51 81.4740.54 0.40041.64 0.631+1.72
2.11M 81.3641.29 82.3240.75 0.39441.33 0.646+1.43
4.05M 81.40+0.71 81.79+0.50 0.39441.65 0.63641.93

B.9 Effect of Regularization Weight on Model Performance
To investigate the impact of regularization weights, we experimented with various combinations of

« and (8 on the SIMS dataset. The results are presented in Table 18. It is evident that both « and 3
influence the performance of the student.

Table 18: Effect of regularization weight on model performance

« 1] Acc-2 F1 MAE Corr
60.0 8.0 81.40+1.58 81.85+1.41 0.382+1.39 0.662+1.26
80.0 8.0 81.01+£1.51 81.27+1.34 0.39441.40 0.650+2.36
40.0 8.0 81.18+1.66 81.44+1.52 0.388=+1.15 0.662+1.58
20.0 8.0 80.79+1.29 81.46+1.17 0.387+1.33 0.661+1.53

0 8.0 77.94£1.12 79.28+0.75 0.453+0.48 0.524+1.87
60.0 10.0 81.01+1.87 81.27+1.67 0.389+1.20 0.656+1.30
60.0 6.0 80.88+1.26 81.374+0.92 0.392+1.53 0.653+1.82
60.0 4.0 80.74+1.01 81.23+1.16 0.393+1.63 0.650+2.26
60.0 2.0 80.534+0.97 81.054+0.99 0.396+1.06 0.645+2.29
60.0 0 78.29+0.42 79.23+0.69 0.428+0.87 0.564+3.10

0 0 78.56+0.44 78.72+0.53 0.429+1.02 0.567+1.39
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B.10 Supplement of Each Component Effect

As shown in Table 19, we present the ablation experiments of each component on the MOSEI dataset
as a supplement to Section 4.5. We can see that each module is still useful on the MOSEI dataset,
demonstrating the effectiveness of the MMSLF.

Table 19: Effect of each component on MOSEI dataset.

Method MOSEI
Fl MAE
MMSLF-Teacher 85.55--0.24/86.71-0.71 0.539-£0.71
wlo prompt 84.11-£0.78/85.07--0.48 0.558-£0.78
MMSLF-Student 84.20--0.48/84.74--0.28 0.548--0.41
wlo guid. of teacher 83.34-£0.52/84.8340.21 0.553-20.34

B.11 Convergence Performance Analysis

In Figure 3, we visualize the loss curves of student on the SIMS and MOSI datasets. While the overall
trend shows a decrease, the variance of £3U9n across different seeds is relatively high. We believe
this is due to the difficulty student faces in aligning with the teacher’s learning outcomes without the
help of MLLMs’ prompts, resulting in fluctuations during the optimization process. Despite this,
student still achieves competitive performance on both the SIMS and MOSI datasets, demonstrating

the effectiveness of the proposed MMSLF framework.
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Figure 3: Visualization of convergence curves. The values on the curve represent the averages
corresponding to five runs.

B.12 Case Study of Conditional Attention Map

As shown in Figure 4, we visualized the attention difference maps by subtracting the attention map
without MLLMs’ prompts from the conditional attention map H{*3"", In combination with the key
cue from large model, although these frames look similar, the first frame shows more pronounced
mouth movements, while the third frame displays more obvious muscle movements in both the
eyes and mouth. It is also important to note that the yellow frames merely indicate that the model
assigns them lower attention under the guidance of the MLLM’s prompts, not that they lack sentiment
information. They are just relatively less important compared to the frames highlighted in blue. The
observations indicate that the MLLM’s prompts is useful for task-specific models’ learning.
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Key Cue: If the eyes wander or look down, it may convey
feelings of loss or sadness.
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Figure 4: An example of attention difference maps on the SIMS. This difference map is obtained by
subtracting the attention map without MLLMs’ prompts from the conditional attention map Haher,
Note: The blue areas indicate regions where the model focuses more when guided by the prompts,
while the orange areas indicate regions where the model focuses less under the same prompts.

B.13 Examples of MLLMSs’ Prompts

As shown in Figure 5 and Figure 6, we provide more examples of MLLMs’ (i.e., GPT-40-mini and
Gemini-2.0-Flash) prompts, both in Chinese and English. For efficiency and cost-effectiveness, we
uniformly sample three frames from the video input as the input to the MLLMs, consistent with
previous works [2]. Compared with Gemini-2.0-Flash, GPT-40-mini does not support speech data
analysis, its output did not include audio cues.
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BUT | THINK THERE WAS ALSO SOME SORT OF LIKE UM TONE WITHIN THE ACTUAL UM POWERS OF THE
Language GREEN LANTERN AND HIMSELF AND THAT YOU CAN BASICALLY THINK UP OF ANYTHING AND YOU CAN
PROJECT THAT INTO THE REAL LIFE

#it# Visual Cues ###
1. **Facial Expressions**:
- Look for any smiles or positive expressions that indicate enthusiasm or excitement about the topic.
- Notice if the speaker's eyes widen or if there are any brightening expressions that suggest engagement with the subject matter.

2. **Body Language**:
Generated - Observe gestures such as hand movements that may emphasize points being made, indicating passion or interest.
Prompts - Pay attention to posture; an open and relaxed posture can suggest confidence and positivity, while a closed posture might

(GPT-40-mini) indicate uncertainty.

### Language Cues ###

1. **Emotionally Charged Words**:
- The phrase "think up of anything™ suggests creativity and imagination, which are often associated with positive feelings.
- The use of "project that into real life" implies a sense of empowerment and possibility, reinforcing a positive sentiment.

2. **Tone and Delivery**:
- Listen for an upbeat tone or inflection in the speaker's voice that conveys excitement or enthusiasm about the topic.

(a) Example 1

Video
Language 1&%£?€j¢§l§v }E{/”\é%ﬁﬁ%ﬁ*
(He has tied you up tightly, fully restrained)
#tt P54 %K (Visual Cues) ###
1. ki A% (Facial Expressions) #5:
- SR (Smiling) . WS EAH MM, HEIEH LA FUR A% /8 (Observe whether a smile appears, as it usually
conveys positive emotions) .
- x4 JH (Frowning) #: JERLREA AT, 1X 0] HE R H e AN (Pay attention to any frowning, which may
indicate confusion or dissatisfaction) .
— xR (Eye Contact)s: ARAHMAIAS L (ANl [A18E) W] DAS Bt 5% K £ 58 3 AT 5 (Changes in eye contact,
such as staring or avoiding eye contact, can reflect the intensity and attitude of emotions) .
Generated 2. #x{i A% 5 (Body Language) sk
Prompts = kP (Gestures) ok FHAMEAZRMAER (nfhin ., 828D R LMERNE RO 3RZUL B (The frequency and type
(GPT-40-mini) of gestures, such as pointing or clenching fists, can convey the intensity of emotions).

= #RUEA (Postures) #*: BHRMIRA CANRTMHI. JE0) AT HEZR W1 B 1 2% sl #Efik (The posture of the body, such as
leaning forward or reclining, may indicate interest in or resistance to the topic being discussed).

### i 5 28 % (Language Cues) ##
1. k% &I (Emotionally Charged Words) #:
= “HAERYD” WER— R4, AT AEALIA HJC BB A (¥4 )8 (The phrase “tied up tightly” suggests a sense of being
bound, potentially conveying feelings of helplessness or oppression) «
CHERAFRERGRE R W AR A AR IER S KA, S — A ER BRI (¥7175 /2% (The expression “fully restrained”

might carry a playful or exaggerated tone, reflecting a sense of humor or sarcasm) .

(b) Example 2

Figure 5: Examples of Prompts from GPT-40-mini.
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BUT I THINK THERE WAS ALSO SOME SORT OF LIKE UM TONE WITHIN THE ACTUAL UM POWERS OF THE
GREEN LANTERN AND HIMSELF AND THAT YOU CAN BASICALLY THINK UP OF ANYTHING AND YOU CAN
PROJECT THAT INTO THE REAL LIFE

**Visual cues:**
* The speaker maintains consistent eye contact, which conveys sincerity and engagement.
* The speaker's facial expression appears neutral, suggesting that this segment of the recording is low-intensity.

**Audio cues:**
* The speaker has a conversational tone that comes off as conversational.

**Language cues:**

* The speaker describes how the powers of the Green Lantern work: he can think up anything and project it into real life.
* The tone is descriptive and explanatory.

* The speaker uses neutral language, focusing on describing the powers of the Green Lantern.

(a) Example 1

MRTAERYS, ARk
(He has tied you up tightly, fully restrained)

w2 K (Visual Cues):  **

* A NS IR T, W I R AR B A SR U 46 4%15. (The person's facial expression in the video
appears relatively calm, without strong emotional displays such as a noticeable smile or frown.)

* R4, AIHERIA AAENE A B 5. (The gaze is focused, which may indicate that the person is speaking or
expressing themselves seriously.)

* JBREEIREEAK, BORIEhl, WRERBLNSI 4IRS, (The body movements are minimal and restrained, possibly

reflecting a reserved emotional state.)
**F AL F (Audio Cues): **

* EPTR, BARRTHERA L, R4 NEE. (The tone is steady, with no significant pitch variations, indicating a
relatively stable emotional state.)

* EHGEH, B A IPRE RS, T AR M 459k T-#% . (The speech rate is moderate, without noticeable acceleration
or slowing down, which may reflect a calm emotional state.*)

* (SRR, IEAOET, WRERIYEAE EHEMT, R4 Z BB . (Pauses are not prominent, and the speech

is fluent, suggesting that the speaker's thoughts are clear and their emotions are not noticeably disturbed.)

**{E T2k 2 (Language Cues): **

* AT MBRIAERYS, fEARAEIEARR” ik TR EIRRES, WTRES I A EERR . (The
sentence "He has tied you up tightly, fully restrained" describes a state of being tied up and restrained, which may evoke feelings of
discomfort or fear.)

*CTAERYY XMAGEAL A NI EY, AR5 AR UMY L. (The phrase "tied up tightly”

itself carries a certain negative connotation, easily associated with situations of control or threat.)

(b) Example 2

Figure 6: Examples of Prompts from Gemini-2.0-Flash.
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C Supplement of Implementation Details

C.1 Implementation Details and Hyperparameters

We implemented our proposed method using PyTorch 2.1.1 with CUDA 12.1. The experiments were
conducted on a PC equipped with an AMD EPYC 7513 processor (2.6GHz) and an NVIDIA Tesla
A40 GPU. The key parameters are listed in Table 20.

In the training of the teacher, we perform random mask on the multimodal input to improve the data
diversity. The ratio of random masks is between 0 and 70% on the SIMS dataset and between 0 and
50% on the MOSI and MOSEI datasets. Additionally, since GPT-40-mini does not support speech
analysis, we prompted it to infer possible speech cues based on the available language information.
The prompt template used for this task is shown in Listing C.1.

Table 20: The parameters used on the SIMS, MOSI and MOSETI datasets

Parameter SIMS MOSI MOSEI
Common
Batch Size 64 64 64
Optimizer AdamW AdamW AdamW
Epochs 200 200 200
Seeds 1111-1115 1111-1115 1111-1115
Warm Up v v v
Cosine Annealing v v v
d 64 64 64
Ti, Tv, Ta, Tp 50, 55, 400, 50 50, 500, 375, 50 50, 500, 500, 50
The Depth of Language Embedding 1 1 1
The Depth of Visual Embedding 1 1 1
The Depth of Audio Embedding 1 1 1
The Depth of Prompt Embedding 2 2 2
MLLMs (GPT-40-mini)
Temperature 0 0 0
Version 2024-07-18 2024-07-18 2024-07-18
Teacher
Initial Learning Rate le-4 le-4 2e-4
The Depth of Conditional Alignment 6 6 6
The Depth of Multimodal Fusion 6 6 6
Student
a, B 60.0, 8.0 100.0, 4.0 100.0, 4.0
Initial Learning Rate 2e-4 le-4 2e-4
The Depth of Conditional Alignment 2 2 1
The Depth of Multimodal Fusion 2 2 2

C.2 Prompting Template to Generate Prompts for Teacher

Listing C.1 provides the prompting template used to generate prompts for the teacher on the MOSI
dataset. Since SIMS is a Chinese dataset, we directly translated this template into Chinese to generate
prompts for the teacher on the SIMS dataset. We can see that there is a strong guidance for prediction
in the hints given by the MLLMs. Based on these prompts, the teacher is more easily learn the
alignment between modalities and in turn transfer this knowledge to the student which does not rely
on MLLMs’ prompts. More examples can be seen in Appendix B.13.
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Listing C.1: Prompting Template of MLLMs to Generate Prompts for teacher

### Background ###

You are a multimodal sentiment analysis expert. We provide you with a video-text pair and
corresponding sentiment label. Please provide detailed hints to help task-specific small models
identify sentiment cues.

### Video-text Pair and Corresponding Label ###

Note: The label is None if the data is from the test set.

Video: Please refer to the video input.

Text: THAT HUH BEFORE WE GO ON WITH THAT I MUST SAY THAT THIS HAD A
SURPRISINGLY DECENT CAST

Label: Positive

### Response Requirements ###
1. Focus on facial expressions in the video, especially smiles, frowns, and eye movements.
2. Focus on the language in the video, especially emotionally charged words and phrases.

### Output Format ###

Your output consists of the following parts:

1. Visual cues: Observations related to facial expressions in the video.
2. Language cues: Important sentiment cues found in the provided text.

A
& Gprdo-mini

### Visual Cues ###

1. Facial Expressions: - Look for any smiles or positive expressions that indicate enjoyment or
enthusiasm. A genuine smile can enhance the positive sentiment.

- Observe the eyes; wide eyes can convey excitement or surprise, while squinting might indicate
skepticism.

2. Body Language: - Notice the gestures; open hand movements can suggest openness and
positivity. If the individual is using their hands expressively, it may indicate engagement with
the topic.

- Pay attention to posture; an upright and relaxed posture can signal confidence and positivity,
while slouching might suggest disinterest.

### Language Cues ###

1. Emotionally Charged Words: - The phrase "surprisingly decent cast" carries a positive
connotation. The word "surprisingly” suggests an unexpected positive outcome, which can
amplify the sentiment.

- The use of "decent" indicates a favorable opinion, suggesting that the speaker is pleasantly
surprised by the quality.

Impact Statement

This paper presents work whose goal is to advance the field of Multimodal Sentiment Analysis and
Multimodal Machine Learning. There are many potential societal consequences of our work, none
which we feel must be specifically highlighted here.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations can be found in the Appendix.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

27



Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper reports the model structure required for reproduction as well as the
hyperparameter settings. In addition, the code will be available on GitHub ASAP.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: The datasets used in the paper are open datasets and can be accessed by anyone
upon request. The code will be available on GitHub ASAP.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Optimizer selection, data split, hyperparameters, and other details are de-
scribed.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: In the tables, we report the results with mean-+std.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We report this information in Section Implementation Details.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: This study meets the requirements of ethical norms.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We describe this in the appendix.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The used data has been cited in the paper.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The dataset used is a public dataset, and the code will be available on GitHub
after the paper is accepted.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve above problems.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This study does not involve the above issues and the datasets used are all
publicly available datasets.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: The framework proposed in the paper includes generating prompts with
MLLMs to guide the training of task-specific models. The relevant details have all been
described in the paper.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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