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Abstract

Multimodal desire understanding, a task closely related to both emo-
tion and sentiment that aims to infer human intentions from visual
and textual cues, is an emerging yet underexplored task in affec-
tive computing with applications in social media analysis. Existing
methods for related tasks predominantly focus on mining verbal
cues, often overlooking the effective utilization of non-verbal cues
embedded in images. To bridge this gap, we propose a Symmetrical
Bidirectional Multimodal Learning Framework for Desire, Emotion,
and Sentiment Recognition (SyDES). The core of SyDES is to achieve
bidirectional fine-grained modal alignment between text and image
modalities. Specifically, we introduce a mixed-scaled image strat-
egy that combines global context from low-resolution images with
fine-grained local features via masked image modeling (MIM) on
high-resolution sub-images, effectively capturing intention-related
visual representations. Then, we devise symmetrical cross-modal de-
coders, including a text-guided image decoder and an image-guided
text decoder, which enable mutual reconstruction and refinement
between modalities, facilitating deep cross-modal interaction. Fur-
thermore, a set of dedicated loss functions is designed to harmo-
nize potential conflicts between the MIM and modal alignment
objectives during optimization. Extensive evaluations on the MSED
benchmark demonstrate the superiority of our approach, which
establishes a new state-of-the-art performance with 1.1% F1-score
improvement in desire understanding. Consistent gains in emotion
and sentiment recognition further validate its generalization ability
and the necessity of utilizing non-verbal cues. Our code is available
at: https://github.com/especiallyW/SyDES.
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1 Introduction

Human Desire is a fundamental intention that reflects a strong wish
for certain objects or states [25]. It interacts closely with emotion
and sentiment, shaping affective life experiences while being mod-
ulated by them in return. Such three tasks form interconnected
and essential components of the human experience, driving our
actions and decisions. For example, in Figure 1 (a), a couple smiling
and preparing food in a kitchen can be interpreted as expressing
a "romance" desire, which explains positive sentiment and happy
emotion. Figure 1 (b) depicts a man’s exaggerated movements to
avoid security cameras. It can be understood as fear and negative
sentiment driven by a desire for safety and privacy. Therefore, if a
machine were capable of accurately inferring such desire intents, it
would move research closer to recognizing human emotional intel-
ligence [9]. However, the specific problem of desire understanding
has received comparatively little dedicated attention.

A key to desire understanding lies in effectively leveraging the
non-verbal cues embedded in images, which provide rich contex-
tual information beyond textual descriptions. However, existing
methods in multimodal emotion and sentiment recognition [39, 45]
still predominantly focus on enhancing verbal cues (e.g., via graph
neural networks), treating image-based non-verbal cues merely
as auxiliary features to be extracted and fused superficially. This
underutilization constitutes a fundamental limitation. In practice,
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non-verbal cues play a crucial role. For instance, the grimacing
expression in Figure 1 (c) could indicate disgust toward broccoli
or be part of a playful interaction with family; without the rich
context from the image, text-based inference is inherently ambigu-
ous. We argue that overcoming this limitation is not only beneficial
for emotion and sentiment analysis but is particularly critical for
advancing the more complex task of desire understanding.

To this end, we propose SyDES, a Symmetrical Bidirectional Mul-
timodal Learning Framework for Desire, Emotion, and Sentiment
recognition. The framework emphasizes deep utilization of non-
verbal visual cues while ensuring that verbal cues remain effec-
tively exploited. Specifically, the input image is processed as both a
low-resolution version and a high-resolution version using a shared
image encoder. The low-resolution image provides global visual rep-
resentations for cross-modal alignment. The high-resolution image
is processed by mixed-scale image strategy to get high-resolution
sub-images, and these sub-images are modeled with masked image
modeling to encourage the encoder to better learn fine-grained local
features. A text-guided image decoder is introduced so that image
reconstruction can be guided by textual semantics. Conversely, an
image-guided text decoder is employed so that text decoding can
incorporate multi-scale visual information. In the meantime, we de-
sign a set of loss functions (e.g., local-global semantic similarity loss,
cross-modal feature-distribution consistency loss) to allow recon-
structed image to maintain modal alignment of fine-grained local
visual features and global visual representations, thereby avoid over-
reliance on specific regional features. These mechanisms enable
mutual guidance and semantic alignment of textual representations,
local visual features and global visual features. The fused text out-
puts are then passed to a lightweight multi-layer perception (MLP)
for downstream prediction (see Figure 2 and Section 3 for details).

To evaluate our approach, extensive experiments are conducted
on MSED dataset, the first multimodal benchmark encompassing
desire understanding, emotion recognition, and sentiment analysis.
Our approach is primarily evaluated on the desire understanding
task, where it achieves a significant improvement of 1.1% in F1-
score, establishing a new state-of-the-art. Furthermore, consistent
performance gains of 0.6% in emotion recognition and 0.9% in sen-
timent analysis demonstrate the framework’s generalizability and
underscore the necessity of fully utilizing non-verbal cues. Our
contributions can be summarized:

(1) We propose SyDES, a novel framework by deeply leveraging
non-verbal visual cues through a symmetrical bidirectional
architecture.

(2) We introduce a mixed-scale image strategy and symmetri-
cal cross-modal decoders, to capture fine-grained features
and deep cross-modal interaction between text and image
modalities.

(3) We design a set of dedicated loss functions to harmonize the
objectives of MIM and modal alignment, ensuring consistent
learning across different modalities and scales.

(4) We provide comprehensive experiments and ablation stud-
ies on the MSED dataset, validating the effectiveness and
generalization of our proposed SyDES for multimodal desire
understanding, emotion recognition, and sentiment analysis.
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(a) Couple preparing food in the
kitchen of their cozy loft apartment.

(b) Man hiding from security camera. ~ (c) Girl grimacing at broccoli on fork.

Emotion: Happiness Emotion: Disgust

_ Desire: _ _ Romance —7 _ _ Desire: _ Tranquility«” __ _Desire: _ Nome _<«— |
Figure 1: Examples of multimodal desire, emotion, and sen-
timent.

2 Related Work

2.1 Sentiment Analysis and Emotion
Recognition

2.1.1  Text-only sentiment analysis. Sentiment analysis [15, 23, 30,
32] has long been a central topic in natural language processing.
Early studies were largely unimodal. For example, Taboada et al.
[31] proposed the lexicon-based Semantic Orientation CALculator,
which leverages polarity-annotated lexica with negation handling.
Pang et al. [23] and Gamallo et al. [5] applied classical classifiers
(SVM, Naive Bayes) to sentiment tasks. Kim et al. [15] introduced
convolutional neural networks for text classification, while Tai et al.
[32] proposed Tree-LSTM to model syntactic hierarchies. Yang et al.
[40] developed the Hierarchical Attention Network (HAN) to select
salient words and sentences for document-level classification. Wang
et al. [34] incorporated attention into LSTM for aspect-sentiment
modeling. More recently, Singh et al. [30] employed BERT for sen-
timent analysis on COVID-related tweets. These methods focus
on textual signals; however, social media content often pairs text
with images, and multimodal cues typically provide complementary
information that improves predictive accuracy.

2.1.2  Multimodal sentiment analysis and emotion recognition. Mul-
timodal sentiment classification [12, 37, 42] has attracted increasing
interest for jointly modeling sentiment across modalities. You et
al. [42] introduced cross-modal consistency regression (CCR) to
fuse image and text features. Xu et al. [36] leveraged scene-level
visual cues with attention to identify salient textual elements. Hu
et al. [11] investigated users’ latent affective states. From the in-
teraction perspective, Xu et al. [37] explored iterative image-text
relations; Huang et al. [12] proposed hybrid fusion of unimodal and
cross-modal representations. Li et al. [17] used contrastive learning
and augmentation to align token-level image—-text features. Multi-
modal emotion recognition [16, 27, 43], which targets finer affective
states, has also been extensively studied. Guo et al. [6] introduced
multimodal news datasets and a layout-driven network; Nemaiti
et al. [21] proposed a hybrid latent-space fusion method; Zhang et
al. [43] combined manifold learning with deep convolutional net-
works; Xu et al. [35] used image captions as semantic cues; Yang et
al. [38] employed memory and multi-view attention for integration.
Despite these advances, most of the existing approaches simply
leveraged holistic or local features extracted from different modali-
ties to predict multimodal sentiments, which leads to suboptimal
performance.
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The emergence of graph neural networks (GNNs) [19, 28] en-
abled structured relation mining among verbal cues. Yang et al.
[39] introduced a multi-channel GNN to capture global emotional
attributes. Zhang et al. [44] proposed a multi-task interactive graph-
attention network with local-global context modules. Wang et al.
[33] enriched text representations with contextual world knowl-
edge from large multimodal models. However, these approaches
predominantly focus on mining verbal cues and often underutilize
the rich information contained in non-verbal cues.

Motived by the importance of non-verbal cues, we hope to attain
fine-gained features from image contextual information. Masked
image modeling paradigm introduced by He et al. [7] has shown
that an encoder can be encouraged, via a reconstruction-based
self-supervised objective, to learn richer local representations. This
insight motivates our proposal of a symmetrical bidirectional mul-
timodal learning framework to ensure more effective exploitation
of image-based non-verbal cues for desire understanding, emotion
recognition, and sentiment analysis.

2.2 Multimodal Desire Understanding

Multimodal desire understanding concerns recognizing desires or
intentions expressed in both textual and visual expression, and it
remains an underexplored problem. Existing automated analyses of
desire largely originate from psychology and philosophy. Lim et al.
[18] developed a desire-understanding system based on four emo-
tional states in audio and gestural cues. Cacioppo et al. [2] designed
a multi-level kernel-density fMRI analysis to investigate differences
and correlations between sexual desire and love. Schutte et al. [29]
conducted a meta-analysis on 2,692 participants to examine links
between curiosity and creativity. Hoppe et al. [10] estimated differ-
ent levels of curiosity using eye-movement data and SVM. Yavuz
et al. [41] proposed a data-mining approach for desire and intent
using neural networks and Bayesian networks. Chauhan et al. [3]
presented a multi-task multimodal deep attentive framework for
offense, motivation, and sentiment analysis. Nevertheless, these re-
searches commonly lack support for large-scale multimodal social
media data and often do not fully exploit both visual and textual
channels.

The recent introduction of the MSED dataset [14], the first multi-
modal dataset for desire understanding, provides a valuable bench-
mark. And subsequent work like MMTF-DES [1] attempts to im-
prove performance through model ensemble. Nevertheless, such
ensemble strategies incur significant computational costs and still
lack a principled approach for deep, fine-grained cross-modal inter-
action. To address these limitations, we propose a novel symmetrical
bidirectional framework that systematically leverages non-verbal
cues through a mixed-scale image strategy and symmetrical de-
coders, offering an efficient and effective solution for multimodal
desire understanding.

3 SyDES

Figure 2 illustrates the overall architecture of SyDES. Motivated by
the necessity to deeply leverage non-verbal visual cues for desire
understanding, our framework is built upon a mixed-scale image
strategy to capture both global context and fine-grained local fea-
tures. We first detail this strategy, followed by descriptions of the
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image encoder, text encoder, symmetrical decoders, the loss func-
tions designed to harmonize different learning objectives, and the
two-stage training paradigm.

3.1

A core challenge in multimodal desire understanding is to ex-
tract comprehensive intention-related representations from im-
ages, which necessitates the model’s ability to perceive both global
context and fine-grained local details. High-resolution images can
capture richer region-level features and local details, but processing
them entirely at full resolution (e.g., 448 X 448) is computationally
prohibitive. Conversely, conventional low-resolution inputs (e.g.,
224 X 224) sacrifice crucial local information.

To balance perceptual granularity and computational efficiency,
we adopt a mixed-scale image strategy. Given a high-resolution
image I; (e.g., 448 X 448) from batch size N, we generate one down-
sampled low-resolution image and partition the original image into
four non-overlapping high-resolution sub-images. This yields five
224 X 224 images per original image, providing one global view and
four detailed local views. Formally:

Mixed-Scale Image Strategy

Ii(g) = DownSample(;), Ifg) € R224x224x3

1)

11 = Crop, (1), I1) e RS 212,34

where DownSample uses bilinear interpolation, and Crop,, denotes
corner or predefined cropping. Each 224 x 224 image is treated as
an independent input to the image encoder to obtain its representa-
tions. This strategy efficiently provides the model with both global
and local visual cues essential for understanding nuanced desires.

3.2 Model Architecture

Our proposed SyDES is built upon a symmetrical bidirectional ar-
chitecture designed to achieve deep, bidirectional fusion between
verbal and non-verbal cues. As illustrated in Figure 2, the frame-
work comprises four core modules: image encoder, text encoder,
text-guided image decoder, and image-guided text decoder, plus a
lightweight MLP for downstream prediction.

3.2.1 Image Encoder. We employ a vision transformer [4] as the
shared image encoder to process multi-scale visual representations.
For the global context, we use the low-resolution image Ii(g), while
for local details, we process high-resolution sub-images Ii(ji) through
masked image modeling. Specifically, each 224x224 image is divided
into P patches and embedded as:

()  _,cs 1 P (P+1)xCy
Pemb’i’n = [vi ,vi,...,vi] eR

0] _[,cs 1 P (P+1)XCy
Pemb,i,n = [vi)n, Vi - ..,Ui’n] eR

where C; denotes the image embedding dimension and o is the
@
I

in?
mask vector m;,, € {0,1}" with m;,[P] = 1 indicating that patch
p is masked. Following [7], we set the mask ratio to m € [0, 1] and
set the keep ratio to r = 1 — m. The set of unmasked indices is
M;n =A{p | min[p] = 0} with |M; ,| = rP. Selecting the unmasked
tokens yields:

CLS token. For high-resolution sub-images we apply a binary

o)
Pemb, in

= Select (P(D

emb,i,n’

Mi n) c R(rPH)xCl
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Figure 2: Overall architecture of SyDES. The model consists of four core modules: an image encoder, a text encoder, a text-guided

image decoder, and an image-guided text decoder.

Both P(g) and PV,
emb,i emb,i,n
Vi(g) e RP+DXC1 5nd Vl(rll) € RUP+DXC1 where the first row ofVi(g)

corresponds to the low-resolution CLS visual feature v,

are fed into the image encoder to produce

3.22 Text Encoder. We adopt a casual masked transformer to
model text inputs. Texts are tokenized into an embedding sequence
of length S + 1 represented as Wepp;, and attain encoded features:

o

Wy, wiClS] c R(S+1)XC2

:[wil,...

with we!s being the CLS text feature and C, denotes the text embed-
ding dimension.

3.2.3 Text-guided Image Decoder. To recover masked patches from
}Z(Iln'z))l and make reconstruction aware of textual semantics, we
adopt a text-guided imaged decoder. This process ensures that the
image reconstruction is context-aware, refining the visual features
based on verbal descriptions. Specifically, we project Vl(rll) to the
text embedding space via IT,_,; : RS — R, and introduce mP
learnable mask tokens Py € R™P*C2. The decoder input for local
crop n is:

D;5,

= [Prask; HU—’f(Vi,(rll))] c RIPHDXC

To stabilize fuse textual context, a gate-based fusion mechanism
is used:

U, = Gateimg(W;, DI%,) € R(PFDXC2

As utilizing D:“" as the query and Ul.n:g as the key and value, we
leverage textual semantic information to compel the masked image
reconstruction process to perceive verbal cues, and attained decode:
» = ImgDec(D™ | U'™®)

Ln’

{ 1n}peMln

where X? € RP*D*C: is the predicted pixel value for the p-th
masked patch, and z;, € R is a sub-image-level representation
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used for fine-grained alignment and revision. Through this text-
guided reconstruction, the image features are refined to be semanti-
cally consistent with the accompanying text.

3.2.4 Image-guided Text Decoder. Symmetrically, we design an
image-guided text decoder aims to refine the text representation
by incorporating multi-scale non-verbal visual cues. It allows the
text semantics to be grounded in and disambiguated by the rich
context provided by the image, addressing the inherent ambiguity
of text-only analysis.

We concatenate multi-scale visual features from the global image
and all local sub-images:

[ th(V ) Hv%t(v ),...,H

as the key and value, and use non-CLS text tokens Wl.l:S as the query.
A cross-attention mechanism then fuses these non-verbal visual
cues into the text representation:

Viall UHt(VI’(,IB)] e RanCZ

W; = TextDec(Wilzs, Viau)

The output W; € RS%2 is a visually-refined text feature, which
is then passed through a lightweight MLP for the final prediction
y;. This step constitutes the image-guided refinement of the text
modality.

3.3 Loss Functions

3.3.1 Reconstruction Loss. The reconstruction loss supervises the
text-guided image decoder to recover masked patches in high-
resolution sub-images. By minimizing the mean squared error be-
tween the the masked image tokens and the reconstructed tokens,
this loss enhances the model’s capability to capture fine-grained
visual details:

1 X
:NZ

i=1

Lrec

—— > > IxX, = XLl

" peMin

)
2n |Mz nl 5
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where Xf , and )?f ,, are the RGB pixel value and predicted pixel

values for the p-th masked patch in the n-th sub-image, |M,,|
denotes the number of masked patches.

3.3.2 Image-Text Contrastive Loss. To align the global represen-
tations of image and text modalities in a shared semantic space,
we employ an image-text contrastive loss. This loss encourages
matched image-text pairs to have similar representations while
pushing unmatched pairs apart:

[ exp (0, w)/7) ”
Litc = -1
ZN[; Og( ;_V:l exp ((U,Wj>/f) 3)
1< exp ((w,0)/7)
+2N Z log(zﬁl exp((w,vj)/f))}

where v = vfls and w = wfls are the normalized global features

from the low-resolution image and text, respectively, (-, -) denotes
the inner product, and 7 is a temperature parameter.

3.3.3 Local-Global Semantic Similarity Loss. It may cause the re-
constructed features to deviate from global visual semantics, al-
though MIM focuses on local details. We introduce a cross-scale
consistency loss to maintain alignment between local reconstructed
features and global visual representations, resulting in over rely lo-
cal information. To enforce consistency between the reconstructed
local features and the global visual representations, we perform
learnable weighted aggregation on the sub-image-level global rep-
resentation {zi,n}:ﬁ:l to obtain:

ein = u’ tanh (z;,W, + b)

Qin = [softmax ([ei,l, el ei,4])]n
4
Paggi = MLP (Z a,—,nz,-,,,)
n=1

here, W;, u, b are learnable parameters, and the MLP projects the ag-
gregated feature into same semantic space as Ufls. After normalizing
to all features, we compute:

1 X
Lo = 55 D 108 ~ Pagell @
i=1
This loss ensures that the reconstructed local pixel features from
high-resolution sub-images remain consistent with the global image
semantics from low-resolution images, achieving a balance between
local and global features.

3.3.4 Cross-Modal Feature-Distribution Consistency Loss. The pixel-
level reconstruction (L) and semantic-level alignment (L;;.) ob-
jectives may conflict. To harmonize them, we enforce distribution
consistency between the text-to-reconstructed-image and text-to-
global-image similarity distributions:

1 X

N ; [KL(S:21llSe2g) + A - H(Ss21) ]
where S5 = S(Pagg,i, wl?ls) and S;py = S(vfls, wfls) are similarity
distributions, KL denotes the relative entropy loss function, H rep-
resents the entropy regularization term for robustness, and 1 is a
weighting factor.

Lic ®)
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3.3.5 Classification Loss. For downstream tasks, such as desire
understanding, emotion recognition, and sentiment analysis, we
use the standard cross-entropy loss:

N
1 —~
Leogs = N Z CrossEntropy(y;, ;)

i=1

(6)
where y is the ground-truth label and ¥; is the predicted label.

3.4 Two-stage Training Strategy

To balance semantic alignment with pixel-level reconstruction, we
adopt a two-stage training strategy and selectively freeze or un-
freeze model components in each stage to steer learning.

3.4.1 Pre-training Stage. The pre-training stage focuses on masked
image modeling, giving priority to training the image encoder and
the text-guided image decoder. In this stage, we freeze the image-
guided text decoder and the MLP, and only update the text encoder,
the image encoder, and the text-guided image decoder. This design
allows us to extract fine-grained details from high-resolution sub-
images while constraining modal consistency at the semantic level.
As discussed in Section 3.3.3 and Section 3.3.4, we also consider the
sub-image-level global visual representation of reconstructed image
tokens and their cross-modal alignment. Therefore, the overall loss
used in this stage is:

-Lp = ArecLrec + AsiLsi + Aac Lac + Aire Lire (7)

where Ayec, Asi, Ade and Aj;. are hyperparameter weights that bal-
ance the contributions of each loss term.

3.4.2  Fine-tuning Stage. The fine-tuning stage targets downstream
tasks such as desire understanding. Its goal is to train the image-
guided text decoder to fully leverage both local and global features
produced by the image encoder, and to use an MLP to map the
fused multimodal representation to task-specific outputs. During
fine-tuning we freeze the image encoder and text-guided image
decoder, and train the text encoder, the image-guided text decoder,
and the MLP. The overall loss for this stage is:

-Cf = Aclchls + Aitc-Citc (8)

where A s and A;;. are hyperparameter weights. Retaining the ITC
term helps preserve cross-modal alignment stability during fine-
tuning,.

4 Experiments

4.1 Experiment Setup

4.1.1 Dataset. To validate our method, we use the MSED dataset
[14], the first multimodal multi-task benchmark for sentiment anal-
ysis, emotion recognition, and desire understanding. MSED com-
prises 9,190 English image—text pairs collected from social media
(e.g., Twitter, Getty Images, Flickr). Each sample is annotated with a

Table 1: Statistics of MSED Dataset

Validation Test Total

2,042 (22.2%)

Train

6,127 (66.7%)

1,021 (11.1%) 9,190
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Table 2: Comparison of SyDES and other SOTA methods on the MSED dataset

Method Desire Understanding Emotion Recognition Sentiment Analysis
P R F1 Acc P R F1 Acc P R F1 Acc
DCNN-+AlexNet [14] 5942  52.02 52.35 - 49.56  42.77 43.76 - 71.02  70.09 70.31 -
DCNN-+ResNet [14] 56.34 50.64 52.89 - 6293 59.12 60.48 - 7473 7473  74.64 -
BiLSTM+AlexNet [14] 67.80 68.00 67.67 - 71.17  70.70  70.89 - 78.73  79.22  78.89 -
BERT+AlexNet [14] 80.84 75.50 77.17 - 78.06 7819 78.10 - 83.22 83.11 83.16 -
Multimodal Transformer [14] | 81.92 80.20  80.92 - 81.62 81.61 81.53 - 83.56 83.45 83.50 -
M3GAT [44] - - - - 82.53 8151 81.97 - 84.66 85.15 84.85 -
MMTEF-DES [1] 84.23 82.01 83.11 8697 8439 84.64 84.26 84.13 88.27 88.68 88.44 88.44
SyDES (Ours) 84.09 84.07 84.02 88.32 84.92 84.81 84.74 85.96 89.28 89.13 89.19 89.37
%Gains +2.50 +1.10 +1.60 +0.60 +0.20 +0.60 +2.20 +1.10 +0.50 +0.90 +1.10
Table 3: Comparison between SyDES and different modality 4.2 Comparison with different modality

baseline models on the MSED dataset

Task Method Modality P R F1
BERTweet Text 7711 8119 78.86

Desire Understandi ResNet Image 49.97 4935 49.20
esire Understanding | gypES-B | Multimodal | 80.77 67.43 7227
SyDES Multimodal | 84.09 84.07 84.02

BERTweet Text 80.99 77.15 7834

Emotion R iti ResNet Image 58.74 54.67 56.40
motion Recognition | gunES-B | Multimodal | 81.04  80.66  80.80
SyDES Multimodal | 84.92 84.81 84.74

BERTweet Text 82.25 83.62 8249

Senti t Analvsi ResNet Image 70.85  70.61  70.64
entiment Analysis | GyDES-B | Multimodal | 89.09 8558  86.50
SyDES Multimodal | 89.28 89.13 89.19

sentiment label (positive, neutral, negative), an emotion label (happi-
ness, sad, neutral, disgust, anger, and fear), and a desire label (family,
romance, vengeance, curiosity, tranquility, social-contact, and none).
The data are split into train, validation, and test set. Detailed statis-
tics are given in Table 1 and the detailed statistics are provided in
Appendix B.1.

4.1.2  Evaluation Metrics. All three downstream tasks are classifica-
tion problems. We therefore report standard classification metrics:
Precision (P), Recall (R), Macro-F1-score (F1), and Weighted Accu-
racy (Acc).

4.1.3  Training Details. All experiments run on NVIDIA V100 with
CUDA 11.0 and PyTorch 2.1.2 [24]. We initialize the image encoder
and the text encoder from CLIP [26] pre-training weights provided
by OpenAl, and initialize the text-guided image decoder from pre-
training weights? in [13]. For complete training hyper-parameter
settings are provided in Appendix B.2.

4.1.4 Baseline. To facilitate subsequent ablation analysis and com-
parison, we use the SyDES architecture trained directly with classi-
fication loss without pre-training stage. We denote this variant as
SyDES-B (the SyDES baseline).

!https://github.com/openai/CLIP
Zhttps://huggingface.co/laion/mscoco_finetuned_CoCa-ViT-L-14-laion2B-s13B-
book

baseline models

We compared different modality baseline models on three down-
stream tasks, including desire understanding, emotion recognition,
and sentiment analysis, to evaluate the effectiveness of our pro-
posed SyDES. For the textual modality, we employed BERTweet
[22] model as the baseline modal since text data are annotated
from social media platforms. For the image modality, we used the
classic backbone network ResNet [8]. The multimodal baseline
model, SyDES-B, was included to demonstrate the advantage of
multimodal fusion. We also present the results of our proposed
SyDES method.

The experiment results for different modality baseline models are
shown in Table 3. Analysis of these results leads to three main con-
clusions: (1) Multimodal models consistently outperform unimodal
models across mostly tasks. For instance, in emotion recognition,
SyDES-B improved the F1-score by 3.14% gains over BERTweet, in-
dicating the benefit of leveraging multiple modalities in sentiment-
related tasks. (2) The unimodal image model (e.g., ResNet) consis-
tently underperformed compared to the unimodal text model (e.g.,
BERTweet), suggesting limitations in capturing fine-grained visual
semantics and underutilization of non-verbal cues. (3) Our proposed
SyDES consistently surpassed SyDES-B in all tasks, validating the
effectiveness of the non-verbal cues mining mechanism introduced
during pre-training.

4.3 Comparison with state-of-the-art methods

The comparative performance of our proposed SyDES on test data
against other SOTA methods across all tasks is presented in Table 2.
The results indicate that SyDES achieves competitive performance
across all three tasks. In terms of the primary metric F1-score, our
proposed SyDES surpassed the previous best model, MMTF-DES [1],
by 1.1%, 0.6%, and 0.9% gains, respectively. It is worth noting that
MMTF-DES relies on integrating multiple multimodal Transformer
encoders (e.g., VILT and VAuLT), which entails considerably higher
training costs. In contrast, SyDES extracts non-verbal cues from
images effectively while maintaining lower computational over-
head, yielding pronounced gains on desire understanding, which
depends more heavily on non-verbal cues.
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Table 4: Ablation study on the loss functions used in the two training stages

Pre-training Fine-tuning Desire Understanding Emotion Recognition Sentiment Analysis
Liee Lite Lsi Lac | Lie Les P R F1 Acc P R F1 Acc P R F1 Acc
X X X X X v 80.77 67.43 7227 80.51 81.04 80.66 80.80 82.61 89.09 8558 86.50 87.12
v X X X v v 76.17 7256 7412 81.15 76.78 75.13 7582 77.62 80.57 81.19 80.79 80.80
v v X X v v 81.43 81.77 81.44 86.19 84.85 84.95 8466 8521 89.26 88.80 88.99 89.18
v v v X v v 82.28 8233 8224 86.78 84.17 8191 8288 8453 87.45 87.66 87.55 87.71
v v v v X v 78.55 7589 77.09 8374 8485 8175 83.21 8443 8646 8593 86.16 86.44
v v v v v v 84.09 84.07 84.02 88.32 84.92 8481 84.74 8596 89.28 89.13 89.19 89.37

Table 5: Ablation study of proposed components.

Step | Configuration Desire Emotion Sentiment
F1 Acc F1 Acc F1 Acc
0 Baseline (SyDES-B) 72.27 80.51 80.80 82.61 86.50 87.12
1 + Mixed-scale image strategy | 75.49 79.97 78.70 8149 86.37 86.24
2 + Reconstruction decoder 81.51 8496 8440 8526 89.03 89.08
3 + Aggregator 84.02 88.32 84.74 85.96 89.19 89.37

We further observe that sentiment analysis generally yields
higher performance among the three tasks. A possible reason for
this difference in performance may be attributed to the nature of the
three tasks. Sentiment analysis aim to identify the overall emotion
or opinion expressed in an image-text pair. In contrast, desire un-
derstanding and emotion recognition require fine-grained detection
of specific signals such as a person’s gestures or facial expressions
that are inherently embedded in images. For example, there exists
the exaggerated motion and frightened expression of the man in
Figure 1 (b). These subtle cues are inherently more challenging
to capture. Therefore, sentiment analysis may be an easier and
more straightforward task for model, while desire understanding
and emotion recognition may be more complicated and nuanced.
Our proposed SyDES enhances local detail extraction, resulting
in particularly notable gains in desire understanding, but its per-
formance remains slightly below that of sentiment analysis. This
suggests there is still room for improvement and underscores the
need for further research into desire understanding and emotion
recognition.

4.4 Ablation Studies

4.4.1 Loss Functions. We adopt a two-stage training strategy to fa-
cilitate cross-modal fusion between textual features and both local
and global visual features. As summarized in Table 4, we system-
atically evaluate the impact of different loss combinations on the
three sub-tasks. The first row corresponds to the model fin-tuned
directly without pre-training stage (i.e., SyDES-B as described in
Section 4.1.4). During pre-training, four loss functions are used,
including Lyec, Lsi, Lac, and L;ze. Results show that using only
L. for masked image modeling leads to performance even worse
than SyDES-B. This indicates that reconstructing high-resolution
sub-images alone may introduce a semantic mismatch with the
low-resolution image due to inadequate modal alignment, resulting
in modal inconsistency that harms fine-tuning. Gradually incor-
porating L;s., Lsi, and Ly, consistently improves performance
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across all tasks. For example, in desire understanding, the F1-score
increases to 81.44% with L, to 82.24% with L;, and finally to
84.02% with L. This suggests that cross-modal alignment and
semantic/consistency constraints are critical to bridging the gap
between reconstructed sub-images and the global image semantics.
More detailed result can be found in Appendix C.2.

During fine-tuning, two loss functions are used, including L;;.
and L ;. We observe that that ;. is important to preserve pre-
training gains. Removing L;;. during fine-tuning causes the F1-
scores to drop from 84.02%, 84.74%, and 89.19% to 77.09%, 83.21%,
and 86.16%, respectively. In conclusion, using all proposed loss
functions yields the best performance across desire understand-
ing, emotion recognition, and sentiment analysis, confirming the
complementary effects of the loss terms.

4.4.2  Contribution of proposed modules. As shown in Table 5, the
results demonstrate that the complete model achieves the best
performance across three tasks, with the F1 score for desire under-
standing significantly increasing from 72.27% to 84.0%. It is worth
noting that mixed-scale image strategy alone leads to a performance
drop in desire understanding, indicating that simple modality dose
not fully exploit fine-gained semantic alignment. Introducing the
reconstruction decoder substantially improves desire understand-
ing, demonstrating that fine-grained reconstruction effectively en-
hances the model’s sensitivity to local semantics. Moreover, in-
corporating the aggregator along with consistency losses further
improves all metrics, highlighting the importance of global-local
semantic coordination for effective learning.

4.4.3 Ratio of Masked Tokens. As shown in Table 6, we investigate
the impact by setting different ratios of masked tokens. Specif-
ically, 0.25, 0.50, 0.75, and 0.90 are tested. Experimental results
demonstrate that a masking ratio of 75% yields the best average
performance across most tasks. Although a ratio of 25% achieves
slightly better results in emotion recognition, the 75% ratio is over-
all more suitable considering its substantially lower computational
cost while maintain competitive performance.

4.5 Visualization

4.5.1 Cross-Modal Attention Heatmap Analysis. To intuitively illus-
trate the perception ability of our proposed SyDES toward textual
and image modalities, we visualized the attention localization map
for the last layer in the image encoder. As depicted in Figure 4,
our SyDES focuses more accurately on fine-grained visual regions
corresponding to informative words in the text. For example, in the
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Table 6: Ablation study on the ratio of masked tokens

Ratio of Masked Tokens Desire Understanding Emotion Recognition Sentiment Analysis
P R F1 Acc P R F1 Acc P R F1 Acc
0.25 83.13 81.80 82.23 86.82 85.94 85.30 8555 8594 8890 89.05 88.87 88.83
0.50 81.87 81.69 81.69 86.48 8436 8435 84.19 85.06 87.64 88.18 87.88 88.06
0.75 84.09 84.07 84.02 88.32 8492 38481 8474 8596 89.28 89.13 89.19 89.37
0.90 81.31 8282 82.02 8648 8432 8331 83.78 8541 88.54 38793 83.17 88.39
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Figure 3: Performance analysis of our proposed SyDES on
desire understanding, emotion recognition, and sentiment
analysis tasks. X indicates correct classification and v repre-
sents misclassification.

case of Image 1, SyDES shows concentrated attention on regions
related to “boy” and “bike”, whereas SyDES-B neglects these essen-
tial details. Similarity, in the case of Image 3, SyDES-B perceives
the concept of “family” vaguely, while our proposed SyDES clearly
identifies the five-person “family” and the “beach” scene.

4.5.2  Reconstructed Image Visualization. We reconstructed and
stitched the high-resolution sub-images, and visualized the masked
image patches to inspect the practical effect in Figure 5. Each sample
consists of the original image, the randomly masked image, and
the reconstructed image by the text-guided image decoder. The
results show that, even with complex image content (e.g., people,
gesture, lighting, and natural scenes in the example 1), our proposed
SyDES can reconstruct contextual content reasonably well, owing
to masked image modeling using high-resolution sub-images and
text-guided decoding.

4.5.3 Performance Analysis. To better understand the advantage
of our proposed SyDES, we selected representative examples from
the MSED dataset across three sub-tasks. As illustrated in Figure 3,
we compare the predictions of SyDES-B and our proposed SyDES,
including example stimuli, ground-truth labels, and predicted proba-
bilities. Across all three tasks, our proposed SyDES produces correct
predictions with high confidence. For instance, in Example 1 of the
sentiment analysis task, the image caption is “Brother and sister
exploring with flashlight.”, it provides limited information. But
our proposed SyDES achieved a high confidence score of 96.21% by
effectively leveraging visual cues.

Boy riding a bike with his dd.

Fanily strolling on the beach at sunset

4--

Image 4+ SYDES-B SYDES Image 6 SYDES-B SYDES

|

|

|

|

1

|

Figure 4: Qualitative analysis of attention localization map in

our proposed SyDES. We visualize the attention localization

map from the last layer in the image encoder, reflecting the
model’s cross-modal perception of text.
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Figure 5: Visualization of reconstructed images using our
proposed SyDES.

5 Conclusion

To address the under-exploration of desire understanding and the
inadequate use of non-verbal cues, we propose a symmetric bidirec-
tional multimodal learning framework for desire, emotion, and sen-
timent recognition. The framework employs a mixed-scale image
strategy, using masked image modeling to boosting extract fine-
grained local features from high-resolution sub-images and main-
taining global context from low-resolution images. Furthermore, its
symmetrical cross-modal decoders, including a text-guided image
decoder and an image-guided text decoder, enable bidirectional
interaction that refines both visual and textual representations. To
harmonize these objectives, a set of dedicated loss functions are
used, facilitating consistent learning across modalities. Extensive
experiments on the MSED dataset demonstrate the effectiveness of
leveraging non-verbal cues.
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A Limitation

Although we thoroughly explore non-verbal cues in images through
a masked image modeling and our proposed method demonstrated
effectiveness on the MSED dataset, several limitations remain:

(1) Capturing fine-grained local features is still insufficient. As
shown in Section 4.5.2, reconstructions of small but semanti-
cally important region such as faces are limited, indicating
that there is still room for improvement in perceiving and
reconstructing fine-grained regions.

(2) The exploitation of textual information could be further en-
hanced. Textual descriptions often obtain abundant aspect-
level expressions (e.g., opinion words). Effectively leveraging
such terms, integrating and aligning them with visual infor-
mation represents a promising direction for future research.

(3) The current method focuses only on image-text pairs. Real-
world multimodal data involve additional modalities (e.g.,
video and audio), which provide richer non-verbal cues. Ex-
tending our method to incorporate more modalities while
balancing computational cost and performance constitutes
an important direction for further investigation.

Table 7: Data statistics of MSED dataset

Task Label Train Validation Test
Vengeance 277 39 75

Curiosity 634 118 213

i ; Social-contact | 437 59 138
Desire Understanding FamilY 373 152 288
Tranquility 245 39 87

Romance 692 101 210

None 2,969 507 1,031
Happiness 2,524 419 860
Sad 666 102 186

Emotion Recognition Neutral 1,664 294 569
Disgust 251 44 80
Anger 523 78 172
Fear 499 84 175
. . Positive 2,524 419 860
Sentiment Analysis Neutral 1,664 294 569
Negative 1,939 308 613
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B Dataset and Training Details
B.1 Dataset Statistics

The complete, per-class detailed statistics are provided in Table 7.

B.2 Training Hyperparameters

The complete training and implementation details for both pre-
training and fine-tuning stages are summarized in Table 8.

C Detailed Experimental Results
C.1 Contributions of Different Modalities

As shown in Table 9, we conduct an experiment to analyze the
contribution of non-verbal cues. Our method achieves a signifi-
cant improvement under the image-only setting. This indicates that
our method can effectively utilize non-verbal cues from images.
In contrast, performance gains are limited or even degrade under
the text-only setting, further confirming that our model focuses
more on visual information. In the multimodal setting, our method
consistently outperforms the baseline, indicating that it enhances
visual signal while preserving textual understanding. These results
demonstrate that the effectiveness of our proposed method in lever-
aging non-verbal cues from images.

C.2 Contributions of Loss Functions

To provide a more comprehensive contribution analysis of each
loss function in our proposed framework, we conduct extensive ab-
lation studies as shown in Table 10. The experiments systematically
investigate the necessity and effectiveness of each loss function in
both pre-training and fine-tuning stages.

Table 8: Pretraining and fine-tuning hyperparameters

Hyperparameter Pre-training Fine-tuning
Configuration
Batch Size 64 64
Epochs 50 50
Optimizer AdamW [20]
LR Schedule Cosine Decay
Weight Decay 0.01 0.01
Warmup Ratio 0.15 0.10
Mask Ratio 0.75 0.00
Learning Rates
Image Encoder 5% 1076 -
Text Encoder 5%107° 1x107*
Image Decoder 1x107* -
Text Decoder - 2x107*
MLP Classifier - 1x107*
Loss Weights
Arec 1.0 -
Asi 0.5 -
Ade 0.025 -
Aite 0.5 0.4
Acls - 1.0
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Beyond Words: Enhancing Desire, Emotion, and Sentiment Recognition with Non-Verbal Cues

C.2.1 Experimental Design. Our ablation study includes the fol-
lowing configurations:

e Baseline (Row 1): Training with only classification loss Ljs
in fine-tuning stage, without any pre-training.
Individual Loss Analysis (Rows 2-5): We first examine
individual components separately:
- Only L. in pre-training (Row 2-3)
— Only Lj in pre-training (Row 4-5)
Loss Combinations (Rows 6-8): We investigate the inter-
action between different losses:
— Liec + Litc combination (Row 6)
= Liec + L + Lgc combination (Row 7)
- Lriec + Lite + Lsi combination (Row 8)
Stage-specific Ablations (Row 9): We examine the impor-
tance of Lj in fine-tuning stage.
Complete Model (Row 10): Our complete framework with
all losses.
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C.2.2  Key Findings. From the comprehensive results, we observe
several important patterns:

Effectiveness of Li.. The image-text contrastive loss plays a cru-
cial role in both stages. When Lj;. is removed from pre-training
(Row 7), performance drops significantly across all tasks. Similarly,
removing L. from fine-tuning (Row 9) also leads to notable per-
formance degradation, confirming its necessity in both stages.
Synergy between Losses. The combination of L. and Lj. (Row
6) shows substantial improvement over using either component
alone (Rows 2-5), demonstrating their complementary nature. Adding
L (Row 8) further improves Desire Understanding performance,
validating the importance of structural information.

Progressive Improvement. Performance improves progressively
as we add more constrained losses, with the complete model achiev-
ing the best results across all metrics.

Cross-Task Consistency. The ablation patterns are consistent
across all three tasks, suggesting that our loss components provide
general benefits rather than task-specific optimizations.
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Table 9: Complete experimental results on the contributions of different Modalities. We report Precision (P), Recall (R), F1-score
(F1), and Accuracy (Acc). Under the Image-Only setting, the input text is an empty string; under the Text-Only setting, the input

image is an all-one tensor. The baseline is SyDES-B.

Methods Modal Desire Understanding Emotion Recognition Sentiment Analysis
Text Image P R F1 Acc P R F1 Acc P R F1 Acc
X v 49.07 28.92 25.16 50.20 69.15 63.25 6252 7292 7871 78.71 78.02 79.04
SyDES-B v X 40.32  29.05 29.00 58.08 6801 65.06 6235 6214 77.86 7401 7289 71.79
v v 80.77 67.43 7227 80.51 81.04 80.66 80.80 82.61 89.09 8558 86.50 87.12
X v 75.61 6335 65.62 7791 7247 69.74 70.71 76.10 83.81 81.07 82.02 82.52
SyDES v X 4396 3582 37.24 58.67 65.08 4854 49.53 6249 7830 74.02 7246 71.35
v v 84.09 84.07 84.02 88.32 84.92 8481 84.74 8596 89.28 89.13 89.19 89.37

Table 10: Comprehensive ablation study on the loss functions in the two-stage training

Pre-training Fine-tuning Desire Understanding Emotion Recognition Sentiment Analysis
Lrec Lie Lsi Lac | Lie Las P R F1 Acc P R F1 Acc P R F1 Acc
X X X X X v 80.77 67.43 72.27 80.51 81.04 80.66 8080 82.61 89.09 8558 86.50 87.12
v X X X X v 73.01 7241 72,63 79.33 7583 7355 7399 7586 80.00 80.90 80.33 80.51
v X X X v v 76.17 7256 7412 8115 76.78 7513 7582 77.62 80.57 81.19 80.79 80.80
X v X X X v 7858 7597 7676 8271 82.02 81.65 81.82 8338 86.54 86.90 86.70 86.86
X v X X v v 80.26 81.95 80.96 84.19 83.09 82.15 82.57 8443 86.41 86.89 86.61 86.64
v v X X v v 81.43 81.77 8144 86.19 8485 8495 84.66 8521 89.26 88.80 88.99 89.18
v X v v v v 7545 7352 7439 8031 7649 7405 75.07 77.23 80.51 80.95 80.71 80.85
v v v X v v 82.28 8233 82.24 86.78 84.17 8191 8288 84.53 87.45 87.66 87.55 87.71
v v v v X v 7855 75.89 77.09 8374 8485 8175 83.21 8443 86.46 8593 86.16 86.44
v v v v v v 84.09 84.07 84.02 8832 84.92 84.81 84.74 85.96 89.28 89.13 89.19 89.37
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