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Abstract

Unsupervised multimodal semantic discovery aims to learn
discriminative representations from multimodal data. How-
ever, existing methods suffer from two key limitations. First,
they only align instances across modalities without modeling
semantic-level consistency, which fails to mitigate semantic
bias caused by the gaps among feature distributions of mul-
tiple modalities. Second, they inevitably generate incorrect
negative pairs during contrastive learning, pushing semanti-
cally similar samples apart. To address these challenges, we
propose GLAD (Global and Local semantic Alignment for
unsupervised multimodal semantic Discovery), which aligns
multimodal data at both global and local semantic levels. At
the global level, GSA integrates multi-modal features into a
shared space and employs joint clustering via optimal trans-
port to capture common semantic patterns while mitigating
cross-modality semantic bias. At the local level, LSA adap-
tively weights samples within each cluster based on their se-
mantic importance, alleviating the effect of incorrect nega-
tive pairs. Through the joint optimization of GSA and LSA,
GLAD effectively captures both the global semantic structure
and the local semantic nuances of multimodal data. Extensive
experiments on three benchmark datasets demonstrate GLAD
significantly outperforms state-of-the-art methods, with an
average improvement of 3.22%.

Introduction

Multimodal semantic discovery seeks to automatically un-
cover the latent semantic structure of human utterances by
leveraging the complementary strengths of multiple modal-
ities. As applications like dialogue systems(Min et al. 2021;
Vedula et al. 2019), customer queries(Zhang et al. 2022b),
and human-computer interaction(Song et al. 2023; Fang
et al. 2023) become increasingly multimodal, the demand
for robust and generalizable semantic discovery systems has
reached an unprecedented level.

Recent advances in multimodal language analysis have
produced numerous supervised methods for understanding
complex utterances (Saha et al. 2021; Zhang et al. 2022a),
while unsupervised (Haponchyk et al. 2018; Zhang et al.
2023) and semi-supervised (Zhang et al. 2022b; Zhou, Quan,
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Figure 1: Illustration of the difference between UMC and
GLAD. UMC directly aligns cross-modality representations
without mitigating the semantic bias caused by the gaps
among feature distributions of multiple views and treats all
samples equally regardless of their semantic importance.
In contrast, GLAD leverages joint clusters in the common
space as a global semantic bridge to establish meaningful
correlations between modalities, and incorporates a local
semantic alignment module to adaptively weight samples
based on their semantic significance. This design effectively
mitigates semantic bias and achieves semantic-aware cross-
modality alignment for robust multi-modal clustering.

and Qiu 2023) approaches have been proposed as more scal-
able alternatives by framing semantic discovery as a clus-
tering problem. However, these approaches remain largely
text-only and fail to fully exploit non-verbal cues such as
prosody, gesture, and visual context, leaving the challenge
of effective semantic discovery in truly multimodal, un-
labeled environments unsolved. As the first unsupervised
multimodal clustering algorithm for semantic discovery,
UMC(Zhang et al. 2024) leverages non-verbal modalities
through a high-quality sample selection strategy and an iter-
ative representation learning mechanism. It first obtains ini-
tial representations via multimodal data augmentation and
unsupervised pretraining, then dynamically selects high-
quality samples for supervised contrastive learning, alternat-
ing with unsupervised contrastive learning on low-quality
samples. This design enables UMC to produce accurate and
compact clustering results in a fully unsupervised manner.
However, UMC suffers from two critical limitations that un-
dermine the quality and reliability of semantic discovery:
it fails to effectively mitigate semantic bias caused by the
gaps among feature distributions of multiple modalities, and
it generates incorrect negative pairs during contrastive learn-
ing, which forces semantically similar samples apart.



To address these two issues, we propose GLAD, a novel
framework for unsupervised multi-modal semantic discov-
ery. GLAD consists of two complementary modules: Global
Semantic Alignment (GSA) and Local Semantic Alignment
(LSA). Specifically, GSA aims to mitigate semantic bias by
integrating multi-modal features into a unified shared space
and performing joint clustering. This allows GSA to capture
coherent global semantic patterns shared across all modali-
ties and propagate them back to each view via optimal trans-
port, enabling semantic-aware alignment beyond instance-
level consistency. Although UMC implicitly constructs a
shared space through feature concatenation for multi-view
representation learning, it only explores instance-level con-
sistency between the concatenated representation and spe-
cific view representations, as illustrated in Fig.1. However,
Although GSA mitigates cross-modal semantic bias at the
global level and captures the global semantic patterns shared
across modalities, it still faces a challenge—semantic mis-
matches within specific clusters, especially due to incorrect
negative sample selection. Therefore, we introduce LSA,
which further refines the alignment at a finer granularity by
adaptively weighting samples within each cluster according
to their semantic importance. This helps suppress unreliable
samples and mitigate the impact of incorrect negative pairs,
enhancing the robustness and discriminability of the learned
representations. Through the joint optimization of GSA and
LSA, GLAD effectively captures both global semantic struc-
ture and local semantic nuances in multimodal data, achiev-
ing more accurate, coherent, and reliable semantic discov-
ery. Our main contributions are summarized as follows:

1. We analyze the limitations of existing methods for un-
supervised multimodal semantic discovery, particularly
their inability to effectively bridge the gaps between

modalities and learn shared semantics across them.

We propose GLAD, a novel framework that introduces
two key modules: Global Semantic Alignment (GSA),
which aligns global semantic patterns across modalities
by jointly clustering in a shared latent space, and Local
Semantic Alignment (LSA), which refines alignment by
adaptively weighting samples within clusters to reduce
semantic bias and incorrect negative pairs.

. We conduct extensive experiments on benchmark multi-
modal datasets, demonstrating that GLAD achieves state-
of-the-art clustering performance.

Related Work
Unsupervised Multimodal Semantic Discovery

Intent discovery is a key challenge in natural language pro-
cessing, and many clustering methods have been proposed
to tackle this problem. Early approaches (Hakkani-Tiir et al.
2015; Haponchyk et al. 2018) relied on weak supervision
signals to assist clustering, but struggled to capture high-
level semantics in text. More recent methods (Lin, Xu, and
Zhang 2020; Zhang et al. 2021b; Mou et al. 2022, 2023;
Zhou, Quan, and Qiu 2023; Shi et al. 2023; Peng et al.
2025) leveraged limited labeled data to guide feature learn-
ing for clustering, while unsupervised (Cheung and Li 2012;
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Padmasundari and Bangalore 2018; Haponchyk et al. 2018;
Zhang et al. 2023) and semi-supervised (Lin, Xu, and Zhang
2020; Zhang et al. 2021b, 2022b; Zhou, Quan, and Qiu
2023) approaches have been proposed as more scalable al-
ternatives by framing semantic discovery as a clustering
problem. However, these methods remain largely text-only
and fail to fully exploit non-verbal cues such as prosody,
gesture, and visual context, resulting in poor performance in
truly multimodal, unlabeled environments. USNID (Zhang
et al. 2023) proposed a novel centroid-based mechanism
combined with a pre-training strategy, achieving substantial
improvements over previous methods. Nevertheless, USNID
still performs poorly when handling multimodal data. To ad-
dress this, MCN (Chen et al. 2021) introduced a unified rep-
resentation framework and applied cross-modal contrastive
loss during clustering. As a pioneering work, UMC (Zhang
et al. 2024) applied multimodal clustering to semantic recog-
nition. Specifically, UMC constructs positive and negative
sample pairs by combining features from different modal-
ities, and adopts a two-stage training process where high-
quality samples are selected using K-means++ to generate
pseudo-labels for supervised training, achieving promising
results. However, UMC only exploits the consistency of in-
formation between sample.

Multimodal Alignment

Multimodal alignment aims to learn semantically consistent
representations across different modalities(Zhu et al. 2024;
Guan et al. 2025b,c,a). Typical solutions include learning
a shared latent space through cross-modal contrastive ob-
jectives (Gao et al. 2024), cross-attention mechanisms (Hu
et al. 2024; Tsai et al. 2019; Yang et al. 2022), or cross-
modal reconstruction (Liu et al. 2024c; Tian et al. 2022;
Zeng et al. 2024). However, in unsupervised scenarios, the
lack of label information makes alignment more challeng-
ing. Current unsupervised approaches commonly adopt a
shared representation paradigm, encouraging modal consis-
tency through instance-level contrastive learning. For exam-
ple, UMC (Zhang et al. 2024) constructs positive and neg-
ative pairs by combining features from different modalities,
and applies contrastive learning to discover consistent se-
mantic clusters. While these methods achieve cross-modal
consistency to some extent, they often overlook modality-
specific characteristics, and tend to enforce over-alignment
that degrades the distinctiveness of each modality. In con-
trast, our work explicitly addresses this issue by introducing
global and local semantic alignment, which balances cross-
modal consistency and intra-modal specificity.

Problem Formulation

A multimodal intent or dialogue act dataset Dy
{(sF, s, s)|y: € Z, i = 1,...,N}, where each instance
4 consists of multimodal utterances, including text sZT, audio
s, and video s). Here, N denotes the total number of in-
stances. The true label y;, corresponding to one of the intent
or dialogue act classes C = {C;} ficl, remains hidden during
both training and validation, and is only accessible during
testing. The number of classes is denoted by K. The ob-



jective is to train a multimodal neural network F(-) to learn
multimodal representations z that are effective for cluster-
ing. These representations are then used to partition the set
{s:}Y | into K¢ distinct clusters.

Methold
Global Semantic Alignment

We leverage Optimal Transport (OT) to align semantically
related instances by bringing their representations closer in
the shared space. Given two simplex vectors o € 3, and
B € X (where &, := {x € R | x"1, = 1}), the trans-
portation polytope is defined as:

Ule,B) ={QeRY[Ql.=a, Q1 =6}. (I
OT seeks a coupling matrix Q that maximizes similarity:

OT(S,a, B) = argmax Tr(QTS),
QeU(a,B)

@)

where S is the similarity matrix. We adopt the entropic reg-
ularized OT formulation:

OT“(S,,3) = argmax Tr(Q'S) + eH(Q),
QeU(e,B)

3

where H(Q) = -3}, :QilogQ;; is the entropy
term and ¢ > 0 is the regularization coefficient.
Eq. (3) admits a unique solution of the form: Q*
Diag(u) exp (S/€)Diag(v), where u and v are computed
efficiently via Sinkhorn’s algorithm (Cuturi 2013). Finally,
our formulation can be summarized as:

OT*(S,, B) = argmax Tr(Q'S) +cH(Q),
Qeu(a,B)

“

with Q* obtained in closed form. To achieve consistent
and discriminative semantic representation across multiple
modals, we introduce an Optimal Transport-based seman-
tic learning strategy that explicitly models the association
between instances and semantic clusters in a shared com-
mon space. We begin by constructing a common semantic
space through multi-modal feature aggregation. Specifically,
for the i-th sample, we compute the averaged embedding:

b= LS,
(3 Mm:1 7

where hi™ is the feature representation of the i-th sample in
the m-th modal, and h{ denotes its aggregated embedding.
This aggregation serves to capture both shared and comple-
mentary semantics from all A/ modals. We then perform k-
means clustering over {h§}Y, to derive K joint clusters
{c; }szl, which represent the dominant semantic patterns
in the common space. These clusters are shared across all
modals and serve as global semantic anchors. To establish a
fine-grained semantic relationship between the samples and
the joint clusters, we employ entropic regularized Optimal
Transport (OT) to obtain a soft assignment (transport plan)
for each modal. For the m-th modal, the OT formulation is:

Q™ =O0T*(S™, $1p, +1k), (©6)

®
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where S = H™CT € RE*X denotes the cosine sim-
ilarity matrix between the mini-batch samples H™ in the
m-th modal and the cluster centers C. Here, B is the batch
size and K is the number of clusters. The OT plan Q™" €
REXK satisfies marginal constraints to ensure balanced as-
signments. To enhance interpretability and enable proba-
bilistic reasoning, we normalize the OT plan via softmax
along the column dimension:

mx* mM*

11 1K

QU= ] )
Nm* N’I'IL*
B1 BK

where each row q!"*

™ represents a soft semantic assignment

vector for the i-th sample, and each element @ZL* indicates

the likelihood of the i-th sample being assigned to the j-
th cluster. We introduce a KL divergence loss between the
assignment vector q;"* and the predicted distribution y;":

M B
Ly = Z ZKL(QTJT%

m=1 i=1
which encourages the predicted labels to align with the se-
mantic structure in the common space. In addition, we pro-
pose an OT-based semantic alignment loss to explicitly align
each sample with its soft cluster assignment. The loss con-
tains both a semantic matching term and an entropy regular-
ization term:

B K N B K _
Lor=Y_ > (1-8SMQm+> 3 Qe

i=1 j=1 i=1j=1

®)

In Q7

ij » (9)
where 577 is the cosine similarity between sample h;" and
cluster center c;. The first term promotes semantic close-
ness, while the second term ensures smooth assignments.
Finally, the complete objective for our OT-based semantic
learning is defined as:

Lgsa = L + Lor. (10

Local Semantic Alignment

To alleviate the impact of incorrect negative pairs caused
by the lack of label information(Zhu et al. 2025b), we in-
troduce the Local semantic alignment(LSA) module, which
aligns the fused representation h{ with its corresponding
view-specific representation h;" while considering their se-
mantic similarity in the cluster space. Specifically, LSA first
calculates the similarity matrix of individual modality for all
samples as follows:

) (1D

Si = cos(2]", 2}
where cos is the cosine similarity. Then summing up the sim-
ilarity matrices of all views and taking the average, we ob-

tain
M

m
i > S
m=1
The cosine similarity is used to compute the alignment be-
tween h; and h]":

C (ﬁl,h;") = cos (ﬁz,h;”) ,

1

Sij (12)

13)
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Figure 2: The overall framework of GLAD.

based on the structural similarity s;; computed from the
cluster assignments , the LSA loss is defined as:

SB9)Y e

Lisa = —5+ log hi,h

i=1 m=1 j\]:l 6(1751‘-7')C(hi’hj )T _ el/T
(14)

here, 7 is a temperature coefficient controlling the sharpness
of distribution. The structural similarity s;; reflects whether
samples ¢ and j are from the same semantic cluster. A higher
s;; implies stronger semantic weight, thus increasing the

contrastive alignment strength between h; and h’". This for-
mulation adaptively reweights the contrastive learning ob-
jective to favor alignment among semantically similar sam-
ples, effectively capturing fine-grained local semantic struc-
tures across modalities(Zhu et al. 2025a).

Joint Training of GLAD

The overall training objective of our GLAD framework in-
cludes three loss items:

Lol = A Lagsa + A2Lisa, (15)

where A\; and Ao are the weighting factors for semantic
learning and weighted contrastive feature learning.

Computational Complexity

We analyze the computational complexity of GLAD by de-
noting the number of modalities as M and the number
of clusters as K. Let B represent the mini-batch size. In
each training iteration, computing the global consistency
loss Lgsa requires O(M B?) time. Similarly, computing the
local consistency loss Lisa also requires O(M B?) time.
For the semantic alignment loss Lyga, solving the opti-
mal transport problem in Eq. (5) incurs a complexity of
O(M(BK(I + 1) + B + K?)), where I is the number of
iterations of the Sinkhorn algorithm. Since both B and [ are
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typically much larger than 1 in practice, the overall compu-
tational complexity of GLAD during training can be approx-
imated as O(M (2B? + BK I + K?)).

Experiment
Datasets and Metrics

Three benchmark datasets for the multimodal semantic dis-
covery task: MIntRec, MELD-DA, and [IEMOCAP-DA. De-
tailed statistics of these datasets are summarized in Ap-
pendix B. Following (Fahad et al. 2014; Saxena et al. 2017),
we adopt four standard clustering metrics to measure perfor-
mance: Normalized Mutual Information (NMI), Accuracy
(ACC), Adjusted Rand Index (ARI), and Fowlkes-Mallows
Index (FMI)(Liu et al. 2025, 2023, 2024a,b).

Experimental Setup

For the text modality, we use the pre-trained BERT
model from the Huggingface Transformers library (Wolf
et al. 2020), and fine-tune it with the AdamW optimizer
(Loshchilov and Hutter 2017). It is important to note that
for a fair comparison, all baseline models employ the same
backbone architecture for each of the three modalities. In
our experiments, the loss weights Ay and A, are both set to
0.5, and the temperature coefficient 7 is set to 0.05.

Main Results

We compare UMC with the state-of-the-art unsupervised
clustering methods from both NLP and CV, as well as
multimodal clustering methods. The baselines are as fol-
lows:SCCL (Zhang et al. 2021a) ,CC (Kumar et al.
2022),USNID (Zhang et al. 2023),UMC (Text)(Zhang
et al. 2024) MCN (Chen et al. 2021),UMC (Zhang et al.
2024). Table 1 reports the clustering performance of our
method compared with several baselines on the MIntRec,
MELD-DA (M-DA), and IEMOCAP-DA (I-DA) datasets.



The results show that our method consistently outperforms
all baselines across all metrics, achieving an average im-
provement of about 3.33% over the best-performing baseline
UMC on the most challenging I-DA dataset. These results
demonstrate that GLAD effectively enhances both global se-
mantic alignment and local consistency, maintaining strong
performance and robustness .

Method NMI ARl ACC FMI Avg.
SCCL 4533 146  36.86 24.89 3042
CcC 4745 22.04 4157 2691 3449
MintRec USNID 4791 2152 4032 26.58 34.08
MCN 1824 1.7 16.76  10.32 11.76
UMC (Text) 47.15 25.05 4246 2693 34.65
UMC 4926 24.67 43.73 29.39 36.76
Ours 52.17 2659 4597 31.84 39.14
SCCL 2242 1448 32.09 2751 24.13
CcC 23.03 13,53 25.13 2486 21.64
M-DA USNID 20.8 12.16 24.07 2328 20.08
MCN 8.34 1.57 18.1 15.31 10.83
UMC (Text) 19.57 16.29 334 30.81 25.02
UMC 2322 20.59 3531 33.88 28.25
Ours 25.63 2439 37.79 36.16 30.99
SCCL 21.9 109 26.8 24.14  20.94
CcC 2359 1299 2586 2442 21.72
-DA USNID 22,19 1192 2735 2386 21.33
MCN 8.12 1.81 16.16 14.34 10.11
UMC (Text) 20.01 18.15 32776 31.1  25.64
UMC 24.16 20.31 33.87 3249 27.71
Ours 28.22 24.84 38.26 37.37 3217

Table 1. Performance comparison across models on multiple
datasets. The best performance for each metric is highlighted
in bold, and second-best is underlined.

Ablation Studies

Table 2 presents the results of the ablation study, which
evaluates the contributions of the GSA and LSA modules
on three datasets. As shown, removing either module leads
to noticeable performance drops across all metrics, indicat-
ing that both modules are essential to the overall effective-
ness of the framework. Specifically, removing GSA results
in the most significant degradation, particularly on the I-DA
dataset, where the average score drops from 32.17 to 18.29,
highlighting the critical role of global semantic alignment
in modeling complex multimodal semantics. Meanwhile, re-
placing LSA with w/o s;; (which directly aligns the modal-
ity representations of the same sample) results in ACC drops
of approximately 2.71%, 2.81%, and 2.13% across datasets,
indicating the effectiveness of LSA. On the other hand, re-
moving LSA consistently degrades performance by about
3%—4%, further demonstrating that the local constraint mit-
igates incorrect negative pairs and improves intra- and inter-
cluster structure. Overall, the complete GLAD framework
achieves the best performance on all datasets.

Ablation Studies on Optimal Transport in GSA

Table 3 reports the results of the ablation study on the
role of optimal transport (OT) within GSA on the MIntRec
and M-DA datasets. As shown, replacing OT with a sim-
ple cosine similarity (w/ cosine similarity) leads to a no-
ticeable performance drop compared to the full GSA, indi-
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Dataset Method NMI ARI ACC FMI Avg.
w/o GSA 3573 18.76 26.52 14.57 23.90

MiIntRec w/oLSA 4942 2346 4251 2875 36.04
w/o 8;; 50.14  21.37 4472 2951 3644

GLAD 5217 2659 4597 31.84 39.14

w/o GSA 1251 11.24 2337 24.86 17.99

M-DA w/o LSA 2321 2375 3552 3421 29.17
w/o 8;; 2432 21.57 36.72 35.14 28.89

GLAD 25.63 24.39 37.79 36.16 30.99

w/o GSA 15.75 11.59 2273 23.12 18.29

I-DA w/oLSA 2554 21.75 31.26 31.79 27.58
w/o 8;; 26.73 2256 37.44 36.19 30.73

GLAD 28.22 2484 38.26 37.37 3217

Table 2. Ablation study of GSA and LSA on three datasets.

cating the importance of OT in modeling accurate sample-
to-cluster assignments. Furthermore, completely removing
OT (w/o OT) results in even greater degradation across all
metrics, highlighting the crucial contribution of global se-
mantic alignment to the overall framework. Specifically, on
the MIntRec dataset, the average score decreases from 39.14
(OT) to 35.80 (w/ cosine similarity) and further down to
34.53 (w/o OT). Similar trends are observed on the M-DA
dataset, where the average score drops from 30.99 (OT) to
28.70 (w/ cosine similarity) and then to 27.84 (w/o OT).
These results demonstrate that OT is essential to the effec-
tiveness of OT by enabling more reliable and semantically
meaningful alignments in the common space.

Method NMI ARI ACC FMI Avg.
w/o OT 4936 22.74 3849 2752 3453
MiIntRec  w/ cosine similarity ~ 50.21  23.25 40.61 29.14 35.80
W/ OT 5217 26.59 4597 31.84 39.14
w/o OT 21.64 2181 3340 3452 2784
M-DA w/o cosine similarity 22.17  23.75 3427 34.62 28.70
W/ OT 25.63 24.39 37.79 36.16 30.99

Table 3. Ablation studies of optimal transport on MIntRec
and M-DA datasets.

Visualization Figure 3 visualizes the learned represen-
tations on the IEMOCAP-DA and I-DA datasets using t-
SNE (Van der Maaten and Hinton 2008). Compared to the
multimodal representations learned by the UMC model,
which exhibit noticeable overlaps between intent categories,
our method produces more compact and well-separated clus-
ters in the representation space. This result demonstrates
not only the superior ability of our method to capture mul-
timodal semantic distinctions and maintain category sepa-
rability, but also highlights the advantages of the GLAD
framework: the Global Semantic Alignment (GSA) miti-
gates cross-modal semantic bias, while the Local Semantic
Alignment (LSA) suppresses incorrect negative pairs. These
two complementary mechanisms jointly enhance the clarity
and discriminability of semantic structures in the representa-
tion space, leading to significantly improved clustering qual-
ity and interpretability. To further demonstrate the effective-
ness of GLAD, we compare the confusion matrices gener-
ated by GLAD and UMC in Fig. 4. As shown, the diagonal
elements in the GLAD matrix are consistently higher and



(a) UMC(MintRec) (b) Ours(MintRec)

(c) UMC(IEMOCAP- DA) (d) Ours( IEMOCAP- DA)

Figure 3: Visualization of Learned Representation.
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Figure 4: Confusion matrices generated by the proposed GLAD method and the UMC method.

more concentrated compared to those in the UMC matrix.
This improvement stems from the joint effect of GLAD’s
global semantic alignment and local semantic consistency:
the GSA module effectively aligns modality-specific repre-
sentations to shared semantic clusters, reducing cross-modal
semantic bias, while the Local Semantic Alignment module
adaptively emphasizes semantically reliable samples within
each cluster, suppressing noise from less informative or in-
consistent examples.

The Almost Stochastic Order (ASO) Test Analysis To
further validate the superiority of GLAD, we conduct a sta-
tistical significance test using the Almost Stochastic Or-
der (ASO) method (Dror, Shlomov, and Reichart 2019; Ul-
mer, Hardmeier, and Frellsen 2022). ASO is a statistical ap-
proach specifically designed for evaluating deep neural net-
work models and has been widely used for algorithm com-
parisons in various tasks. In the ASO framework, e, = 0
indicates that the evaluated method statistically dominates
the compared method, while €y, < 0.5 suggests almost
stochastic dominance. In our experiments, we performed 10
independent runs with different random seeds, comparing
GLAD against several recent contrastive multimodal cluster-
ing methods. The statistical test results, summarized in Ta-
ble 4 under a confidence level of oo = 0.05, demonstrate that
GLAD consistently and significantly outperforms all base-
line methods with stable performance. The superior perfor-
mance of GLAD is mainly attributed to two factors. On the
one hand, the optimal transport-based semantic learning ef-
fectively aligns multi-view semantics in the shared space,
extracting complementary information and suppressing re-
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dundant information. On the other hand, the local semantic
alignment adaptively emphasizes semantically reliable sam-
ples and suppresses unreliable ones, mitigating the impact
of incorrect negative pairs and improving the discriminabil-
ity and robustness of the representations.

. . MiIntRec M-DA
Evaluation metrics SACC N M I cACC EN MI
GLAD SUMC | 6255 53365 [ 42163 64763
GLAD — MCN 0 0 0 0
GLAD — USNID 0 0 0 0

Table 4. ASO significance test results (eA5¢ and e M) at

«a = 0.05 confidence level.

Effect of Different Clustering Schemes

We further explore how different clustering approaches in-
fluence the final performance. After the training process is
complete, both the learned feature projector and label pre-
dictor can be used during inference. Based on this, we pro-
pose two alternative strategies for generating clustering re-
sults during the testing phase: one directly applies k-means
to the projected feature representations, while the other de-
rives cluster assignments by taking the argmax of the pre-
dicted label vectors. As shown in Fig. 6, the second strat-
egy, using the predicted label vectors, consistently results
in better clustering performance. This improvement can be
attributed to the explicit semantic supervision provided by
GLAD in the shared space during training.
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Figure 6: The performance of different clustering schemes.

Convergence Analysis

We evaluate the convergence behavior of GLAD on the
IEMOCAP-DA dataset by tracking the loss and clustering
performance across training epochs. As shown in Fig. 7, the
loss steadily decreases and stabilizes within 50 epochs, indi-
cating that the model converges efficiently. This fast conver-
gence ensures that the model can quickly learn meaningful
semantic representations without prolonged training, which
is particularly beneficial for multimodal data where training
costs are high due to the large input size and heterogeneous
modalities. Moreover, the stable convergence suggests that
the global and local alignment objectives are well-balanced.

Hyper-parameter sensitivity analysis

We conduct a sensitivity analysis on the key hyperparame-
ters 7, A1, and A, on the [IEMOCAP-DA dataset, Fig. 5c and
Fig. 5b indicate that A\; and A5 have a significant impact on
model performance, generally exhibiting a trend of first in-
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Figure 7: convergence analysis.

creasing and then decreasing. When J; is too small, global
semantic alignment cannot be sufficiently achieved; whereas
an overly small A\, weakens the local semantic alignment.
Therefore, it is crucial to properly balance the two parame-
ters to ensure effective coordination between global and lo-
cal semantic alignment. In contrast, the temperature param-
eter 7 in Fig.5a causes minor fluctuations in performance,
and an appropriate 7 can slightly improve the performance.

Conclusion

This paper proposes a novel framework, namely GLAD,
which enhances the performance of unsupervised multi-
modal semantic discovery by learning common semantics
through both global and local alignment. Compared to previ-
ous work, the most distinctive feature of our approach is that
GLAD maps multimodal data into a unified feature space at
both global and local levels, offering a more comprehensive
perspective for discovering cross-modal common seman-
tics. Experimental results demonstrate that our method ef-
fectively uncovers the underlying semantic patterns of mul-
timodal data. A limitation of GLAD, however, is its reliance
on complex alignment procedures, which can increase com-
putational cost and limit its efficiency in large-scale or real-
time applications. In future work, we will explore more effi-
cient and simplified algorithms to overcome this limitation.
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