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Abstract

Multimodal emotion recognition (MER) aims to identify hu-
man emotions from inputs such as text, vision, and audio.
However, existing methods often assume complete modality
availability during training and inference, which is unreal-
istic in real-world scenarios due to sensor failures or pri-
vacy constraints. We propose Dual-Query Fusion (DQF),
a framework that enables robust MER using only incom-
plete modality inputs, without relying on reconstruction or
knowledge distillation. DQF introduces two types of learn-
able queries: Q-UA for extracting informative unimodal
features, and Q-CA for adaptive cross-modal integration.
These modules are designed to operate effectively even
when some modalities are missing. Experiments on two
public datasets demonstrate that DQF achieves superior
performance and robustness compared to existing methods,
even when trained exclusively on incomplete inputs. These
results highlight the effectiveness and practicality of DQF
for real-world MER tasks.

1. Introduction

Multimodal emotion recognition (MER) is a task that recog-
nizes human emotional states by utilizing multiple modali-
ties such as text, vision, and audio. This task plays a crucial
role in the field of human–computer interaction, as it en-
ables machines to understand and respond to human emo-
tions more effectively.

Compared to unimodal emotion recognition ap-
proaches [1, 17, 35, 36, 49, 52], MER leverages com-
plementary cues from different modalities [28, 32, 34].
However, real-world scenarios often involve missing
modalities due to sensor failures, transmission errors, or
privacy constraints. Despite this, many existing MER
methods [12, 40, 48, 55, 56] assume complete modality
inputs during both training and inference, which can
significantly degrade performance when violated.
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Figure 1. Comparison of approaches for robust MER under
incomplete-modality conditions. (a) Previous methods introduce
auxiliary tasks such as reconstruction or knowledge distillation
and require access to complete multimodal sequences during train-
ing. (b) Our method employs learnable queries to extract and fuse
features directly from incomplete inputs, enabling training without
complete modalities while maintaining robustness and accuracy.

To improve robustness under incomplete modality set-
tings, recent studies have introduced auxiliary tasks such
as feature reconstruction [14, 23, 46] (Figure 1(a)-( i ))
and knowledge distillation [7, 8, 15, 18] (Figure 1(a)-(ii)).
While these approaches enhance robustness, they have no-
table limitations. Feature reconstruction may introduce ir-
relevant or unnecessary features that do not contribute to
emotion recognition and become a bottleneck. Knowl-
edge distillation, which encourages a student model trained
on incomplete data to mimic a teacher trained on full
data [20, 21], often results in trade-offs such as reduced per-
formance under fully observed inputs. Importantly, both ap-
proaches require access to complete multimodal sequences
during training, which is rarely feasible in practical settings.
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Recently, large vision-language models (VLMs) have
demonstrated general multimodal capabilities, including
limited emotion recognition ability [25]. Furthermore,
datasets, methods, and learning approaches have been pro-
posed to enhance the MER capability of VLM [9, 26, 27].
However, these models are not tailored to MER tasks and
exhibit lower accuracy and higher computational demands,
limiting their use in real-world, resource-constrained envi-
ronments.

To address these limitations, we propose a novel frame-
work called Dual-Query Fusion (DQF), which is designed
to learn robust multimodal representations using only in-
complete sequences during training (Figure 1(b)). Unlike
previous methods that rely on auxiliary tasks, DQF intro-
duces two types of learnable queries to enhance both fea-
ture extraction and cross-modal fusion. First, we employ
a query-guided encoder (Q-UA), which incorporates learn-
able queries into the encoding process. These queries at-
tend to task-relevant features in the observed inputs, act-
ing as a semantic abstraction mechanism that mitigates the
impact of incomplete data. Second, we introduce a query-
based cross-modal attention module (Q-CA), which facil-
itates robust interaction between modalities via learnable
queries. Those designs are inspired by query-driven archi-
tectures such as DETR [6] and Perceiver IO [16], but tai-
lored specifically for the challenges of MER with incom-
plete inputs. Using queries to improve robustness against
missing modalities while simultaneously promoting cross-
modal interaction represents a distinct purpose from prior
query-based approaches, and to the best of our knowledge,
no existing work has employed queries in this manner.

We evaluate the proposed DQF framework on two pub-
lic benchmark datasets. Extensive experiments demon-
strate that DQF consistently outperforms prior state-of-
the-art methods in both complete and incomplete modal-
ity scenarios. Our method achieves high performance even
when trained exclusively on incomplete data, demonstrating
strong robustness and real-world applicability.

2. Related Work

2.1. MER in the Complete Modality Condition
MER integrates text, audio, and visual modalities, whose
heterogeneous cues make alignment challenging. Existing
approaches can be broadly categorized into two paradigms.

Fusion-based methods directly combine multimodal fea-
tures via attention or memory mechanisms. TFN [54] uses
a Cartesian tensor product to capture higher-order inter-
actions. MFM [47] employs memory for feature fusion,
while MulT [48] applies directional cross-modal attention
to adapt temporal features without explicit alignment.

Decoupling-based methods disentangle modality-
invariant and modality-specific representations. MISA [13]

projects each modality into shared and specific sub-
spaces, while DMD [22] separates exclusive and irrelevant
components, leveraging dynamic graph distillation for
cross-modal transfer.

2.2. MER in the Incomplete-modality Conditions
Since real-world data is often incomplete, recent studies
address this challenge through reconstruction-based and
distillation-based approaches.

Reconstruction-based methods recover missing modali-
ties from the available ones. DiCMoR [50] and IMDer [51]
use generative models to restore distributional and semantic
consistency, while TFR-Net [53] and EMT-DLFR [43] em-
ploy Transformer-based architectures with local and global
context. Although robust, these methods face inherent dif-
ficulties in recovering fine-grained cues, risk generating re-
dundant or irrelevant features [33], may underuse discrim-
inative unimodal signals [23, 31], and often assume fixed
missing patterns [50, 51].

Distillation-based methods transfer knowledge from a
teacher trained on complete data to a student trained on
incomplete data. CorrKD [21] introduces contrastive and
prototype-guided distillation, while UMDF [20] leverages
multigranular attention and dynamic integration. While
effective, these methods often underperform in fully ob-
served conditions, as the student model prioritizes general-
ization on incomplete inputs, limiting exploitation of com-
plete modality information.

Most prior methods still rely on complete data during
training, restricting their real-world applicability. To over-
come this, we propose a robust framework that directly in-
tegrates features from incomplete modality inputs.

2.3. Multimodal Learning with Learnable Queries
Recent multimodal models employ learnable queries to ex-
tract and align modality-specific features, particularly in
vision–language settings. BLIP-2 [19] uses a Q-Former
to distill image features into language-aligned embeddings
for frozen LLMs, and InstructBLIP [10] extends this with
instruction-aware queries for task-conditioned representa-
tion learning. These methods align inputs with LLMs but
mainly support unidirectional mapping rather than joint
multimodal fusion.

The paradigm also appears in other domains: DETR [6]
employs fixed queries to extract object-level features, while
Perceiver IO [16] uses query arrays to map latent features
to structured outputs. These works show that query mecha-
nisms can abstract task-relevant information independently
of input completeness or structure—an important property
for robust multimodal learning under missing inputs.

In contrast, our method leverages learnable queries not
only for semantic abstraction but also to guide unimodal
representation learning and cross-modal fusion. Unlike
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Figure 2. Overview of the DQF: Pretrained encoders first extract embeddings from each modality. Q-UA then uses learnable queries
to derive informative unimodal features. Q-CA integrates these via cross-modal attention with symmetric query interaction. The fused
representations are processed by MHSA, and predictions are made using multi-granularity features for robustness to missing modalities.

prior methods, which introduce queries mainly to bridge
modalities or acquire class-specific representations, we use
them to extract discriminative features from incomplete or
redundant inputs and to mitigate modality overfitting. This
query-driven design enables robust and flexible multimodal
learning under incomplete modality conditions.

3. Proposed Method
In incomplete MER, it is essential to improve robustness to
diverse missing modality patterns while effectively integrat-
ing heterogeneous modalities, which is a challenge unique
to MER. However, many existing approaches rely on com-
plete inputs during training, limiting their real-world appli-
cability. To overcome these issues, we propose Dual-Query
Fusion (DQF), which introduces two types of learnable
queries: Q-UA for robust unimodal representation learning
and Q-CA for cross-modal integration. Our model is trained
entirely on incomplete inputs.

3.1. Problem Formulation
Multimodal emotion recognition (MER) typically takes
three modalities as input: text, audio, and visual. We de-
note the input as S = [Xt, Xa, Xv], where Xt ∈ RTt×dt ,
Xa ∈ RTa×da , and Xv ∈ RTv×dv represent the feature se-
quences for text, audio, and visual modalities, respectively.
Here, Tm and dm denote the sequence length and embed-
ding dimension of modality m ∈ {t, a, v}.

To simulate incomplete modality conditions commonly
encountered in real-world scenarios, we apply a random
masking strategy to each input modality. The masked input
is denoted as X̃m = F (Xm, gm) ∈ RTm×dm , where F (·)
is a masking function and gm is the masking ratio that de-
termines the proportion of positions to be masked. Masked
positions are replaced with zero vectors. The masking ra-

tio gm is randomly sampled in the range 0 ≤ gm ≤ 1 for
each modality and mini-batch. We formalize the MER task
under incomplete modality conditions, where models must
learn from partially observed inputs.

3.2. Overall Architecture
An overview of the proposed method is illustrated in Fig-
ure 2. First, the embedded representations of each modality
are extracted using pretrained encoders. Here, the parame-
ters of these encoders are fixed. The extracted features are
then input into the Querying Unimodal Attention (Q-UA),
along with learnable queries, to extract modality-specific
features. Next, the obtained features are input into the
Querying Cross-Attention (Q-CA), which integrates fea-
tures between two modalities. The integrated features are
then passed to multi-head self-attention (MHSA) to cap-
ture interactions across all modalities. By integrating mul-
timodal features with different granularities, the proposed
method reduces the impact of modality heterogeneity. Fi-
nally, the features extracted at each granularity are concate-
nated and passed through an MLP for emotion recognition.

In the training phase, we introduce multiple emotion
recognition objectives corresponding to different levels of
feature integration. This strategy encourages each granular-
ity (i.e., unimodal, bimodal, and trimodal combinations) to
learn discriminative representations independently, enhanc-
ing robustness to various missing modality patterns while
also promoting effective cross-modal interactions at each
level. Specifically, features at each level are passed through
their own MLP for prediction.

The overall training objective is defined as:

Ltotal = Ltask +
∑

n∈mall

Ln, (1)
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where Ltask denotes the main loss computed from the final
concatenated feature used for the primary emotion recog-
nition output. Ln denotes auxiliary losses computed from
intermediate representations for each modality combination
mall = {t, a, v, ta, tv, av, tav}. These losses help guide the
network to learn informative representations at each fusion
level. We employ either cross-entropy loss or mean absolute
error (MAE) depending on the dataset setting.

3.3. Unimodal Encoder Using Q-UA
Extracting meaningful features from incomplete inputs is
challenging, as critical components may be missing. To ad-
dress this, the proposed method introduces Querying Uni-
modal Attention (Q-UA), which learns robust modality-
specific feature representations from incomplete inputs by
leveraging learnable queries.

In the unimodal encoder, the embedded representation
of each modality is first passed through a one-dimensional
(1D) temporal convolution layer (Conv1D) to capture local
temporal patterns:

X̂m = Conv1D(X̃m). (2)

The resulting features X̂m and the learnable queries
Qm ∈ RTm×dm are then fed into the Q-UA module.

An overview of Q-UA is shown in Figure 3-(a). Q-UA
uses the incomplete features and modality-specific queries
as inputs. First, the learnable queries are updated using
MHSA followed by layer normalization:

Q̂m = LayerNorm(MHSA(Qm) +Qm). (3)

These updated queries are then added element-wise to
the input features and passed into a transformer encoder:

Hm = Transformer(X̂m + Q̂m). (4)

The learnable queries in Q-UA function as task-adaptive
extractors that guide the model toward informative patterns
in incomplete inputs. Unlike conventional cross-attention
mechanisms, in which queries directly attend to input fea-
tures, Q-UA instead adopts an additive interaction where
the updated query is element-wise added to the input before
each transformer block.

Under incomplete-modality conditions, directly attend-
ing to inputs via self-attention can amplify noise or propa-
gate uncertainty from missing regions. Instead, the learn-
able query serves as an adaptive signal that guides the en-
coder toward task-relevant features, while mitigating the in-
fluence of noisy or uncertain input regions.

The learnable query is dynamically updated at each layer
through self-attention, allowing it to adapt to task objectives
and context. This iterative update-and-injection process en-
ables Q-UA to compensate for missing content, focus on
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Figure 3. Overview of Q-UA and Q-CA.

task-relevant features, and suppress modality-specific noise.
As the model is trained on diverse missing patterns, the
queries are progressively optimized to highlight informa-
tive features and filter out irrelevant ones, resulting in ro-
bust unimodal representations even under severe modality
incompleteness.

3.4. Multimodal Encoder Using Q-CA

While multimodal information can improve emotion recog-
nition performance, modality heterogeneity poses a signifi-
cant challenge. Differences in modality-specific character-
istics can lead to inconsistent feature distributions across
modalities, which complicate alignment and result in redun-
dant or even conflicting representations during fusion. As a
result, naive fusion strategies often cause the model to over-
rely on dominant modalities, leading to task-irrelevant rep-
resentations and overfitting to spurious correlations, which
ultimately hinders generalization [38, 45]. This issue arises
because features from a strong modality can dominate or
interfere with those from weaker modalities during joint
optimization. Consequently, interactions between modali-
ties must be modeled in a way that both mitigates modality
imbalance and encourages the extraction of complementary
information.

To address modality imbalance and redundant inter-
actions, we introduce Querying Cross-Attention (Q-CA),
which enables cross-modal fusion via a shared learnable
query. Instead of relying on direct feature-to-feature at-
tention, Q-CA lets each modality interact with the shared
query, encouraging mediated and balanced interactions.
This design mitigates over-reliance on dominant modalities
and allows complementary features from weaker ones to be
preserved more effectively in the joint representation.

An overview of Q-CA is shown in Figure 3-(b). The
input to Q-CA consists of features Hα and Hβ from two
modalities α and β, and a learnable query Qαβ . First, the
query is updated using self-attention as in Equation 3. The
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updated query then sequentially attends to Hα and Hβ , us-
ing them as keys while keeping the query as the value, so
that the shared query representation is modulated by each
modality and encodes their cross-modal dependencies.

Hα→β = Q-CAα→β(Hα, Hβ , Qαβ),

= Attention(Attention(Qαβ , Hα, Qαβ), Hβ , Hβ), (5)

Attention(Q,K, V ) = softmax
(
(QWq)(KWk)

⊤
√
dk

)
(VWv),

(6)

where Wq , Wk, and Wv are projection matrices and dk
is the key dimension. The resulting features Hα→β and
Hβ→α are then concatenated and passed through a linear
layer to produce the fused representation Hαβ :

Hαβ = Linear([Hα→β , Hβ→α]). (7)

After computing Hαβ for each modality pair
{ta, tv, av}, we apply average pooling to obtain com-
pact fusion features:

H̃αβ = AvgPool(Hαβ). (8)

The pooled features from each pair, along with the
[CLS] token, are then combined and processed by MHSA
to capture higher-order cross-modal interactions:

Ĥca = Pool(MHSA([H̃ta, H̃tv, H̃av,[CLS]])). (9)

This hierarchical fusion strategy, which uses Q-CA for
pairwise alignment and MHSA for global fusion, enables
the model to better handle modality heterogeneity and ex-
tract coherent multimodal representations even in the pres-
ence of noisy or unbalanced modalities.

4. Experiments
4.1. Dataset and Evaluation Metrics
While several datasets exist for multimodal emotion recog-
nition [4, 5, 29, 41, 57], we chose CMU-MOSEI [57] and
MELD [41] for our experiments, as they are large-scale and
serve as representative benchmarks for regression and clas-
sification tasks, respectively.

CMU-MOSEI consists of 22,856 video clips, with
16,326 samples for training, 1,871 for validation, and 4,659
for testing. Each sample is annotated with a sentiment score
ranging from -3 to +3. We used three evaluation metrics: 7-
class accuracy (Acc.7), binary accuracy (Acc.2), and mean
absolute error (MAE).

MELD is a multiparty conversational emotion recogni-
tion dataset consisting of 13,708 utterances across 1,433

conversations. Each utterance is annotated with one of
seven basic emotions. We evaluated performance using
weighted average recall (WAR) and unweighted average re-
call (UAR), where WAR reflects general classification ac-
curacy and UAR accounts for class imbalance.

In addition to conventional evaluation metrics, we report
the Area Under Indicators Line Chart (AUILC) [57] to sum-
marize overall model performance across different levels of
modality incompleteness.

4.2. Implementation Details
Feature Extraction. To ensure fair comparison and repro-
ducibility, we used the standardized MERBench [24] fea-
ture set, adopting the same pre-extracted features for all
methods. This isolates the effect of the fusion mechanism
from variability due to feature extractors. Visual features
were obtained by cropping facial regions with OpenFace [3]
and encoding them using the CLIP-pretrained ViT [11, 42];
audio features were extracted with Wav2Vec [2]; and textual
features were generated using Baichuan-13B, a large-scale
model on HuggingFace.

Experimental Setup. All models were implemented in
PyTorch [37] and trained on an NVIDIA RTX 3090 GPU.
To ensure fair comparison, we re-implemented both the pro-
posed and baseline methods under complete and incomplete
modality settings using official or public codebases. DQF
was trained using Momentum SGD [44], with fixed hyper-
parameters across datasets: learning rate of 1e-5, batch size
of 64, 100 epochs, six layers for Q-UA and Q-CA, and four
attention heads in MHSA.

To ensure a comprehensive and fair evaluation, we com-
pared our method against 14 reproducible SOTA methods.
These include 9 methods designed for complete modality
inputs and 5 recent methods tailored for incomplete modal-
ity scenarios. We followed the recommended training pro-
tocols for each method to maintain a fair comparison.

To evaluate the robustness of each method, we simulate
modality incompleteness by randomly masking segments at
the frame level within each modality’s sequence. The miss-
ing frames are replaced with zero vectors, a widely adopted
strategy in prior MER studies [20, 21, 43, 50, 53], as it ex-
plicitly simulates the absence of observations (e.g., due to
sensor failure or data loss). The missing rate is systemat-
ically varied as {0.0, 0.1, 0.2, . . . , 1.0}, enabling the eval-
uation of a broad spectrum of incompleteness conditions,
including both partial and complete modality-level absence.
We evaluate all seven combinations of modality incomplete-
ness: one modality missing (3 cases), two modalities miss-
ing (3 cases), and all three modalities missing (1 case). For
completeness, we include results up to the 1.0 missing rate,
though the configuration where all modalities are entirely
missing (i.e., 1.0 for all) is excluded from evaluation. This
experimental design not only covers established robustness
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testing settings but also extends them by offering a more
comprehensive and fine-grained evaluation across varying
missing patterns and severity levels. Final results are aver-
aged over five runs with different random seeds.

4.3. Comparison with SOTA Methods under the
Complete Modality Setting

To evaluate the performance on a standard MER task,
we compared the methods when complete multimodal se-
quences were provided as input. Table 1 shows perfor-
mance across the two benchmark datasets under the com-
plete modality setting.

Results on CMU-MOSEI. On CMU-MOSEI, DQF
achieves an Acc.7 of 55.6%, an Acc.2 of 86.9%, and a MAE
of 0.520. Compared to the best-performing methods de-
signed for incomplete modality conditions, DQF achieves
improvements of +3.0% in Acc.7, +0.4% in Acc.2, and a re-
duction of 0.029 in MAE. It also outperforms the strongest
complete-modality model by +1.8% in Acc.7, +0.2% in
Acc.2, and a reduction of 0.012 in MAE.

Results on MELD. On MELD, DQF obtains a WAR of
63.1% and a UAR of 40.4%. Compared to the strongest
methods designed for incomplete modalities, DQF im-
proves by +2.0% in WAR and +0.5% in UAR. It also
exceeds the performance of the best complete-modality
model, with gains of +1.2% in WAR and +0.8% in UAR.

Overall findings. Models trained on complete inputs,
such as MulT [48], MISA [13], and DMD [22], tend to per-
form well when evaluated under full modality conditions.
In contrast, models designed for incomplete modality con-
ditions generally perform worse than complete-modality
models in this setting, likely due to their training being
focused on handling degraded or missing inputs. Further-
more, VLMs [9, 26] exhibited lower accuracy than most
other methods, underscoring the challenge of adapting them
to MER tasks. As presented in the supplementary ma-
terial, the proposed method achieves lower model param-
eters, computational cost, and inference time than SOTA
methods in most cases, thereby confirming its efficiency.
Despite being trained only on incomplete modality inputs,
DQF achieves the best performance on both datasets. These
results demonstrate its strong generalization ability to fully
observed inputs.

4.4. Comparison with SOTA Methods under the
Incomplete Modality Setting

To evaluate robustness, we compared models under vary-
ing incomplete modality configurations and missing rates.
We considered seven cases, as detailed in Section 4.2. In
this experiment, we comprehensively evaluated the model
under simulated missing data. Specifically, we considered
four settings formed by combining two types of missing pat-
terns and two types of missing-value representations. The

Table 1. Performance comparison of all methods on CMU-MOSEI
and MELD, evaluated under the complete modality setting. The
results are grouped into two blocks according to training condi-
tions: (1) methods trained on complete inputs and (2) methods
explicitly trained to handle incomplete inputs. Additionally, meth-
ods marked with ∗ cite results reported in each paper. Each result
reports Acc.7 / Acc.2 / MAE for CMU-MOSEI, and WAR / UAR
for MELD. Higher is better for all metrics except MAE.

Models CMU-MOSEI MELD

(1)

TFN [54] 48.2 / 83.5 / 0.598 59.6 / 32.5
MFN [55] 49.6 / 83.7 / 0.600 59.7 / 31.2
Graph-MFN [57] 49.3 / 84.5 / 0.589 58.4 / 30.5
LMF [30] 51.8 / 86.6 / 0.545 48.1 / 14.3
MCTN [39] 53.0 / 85.8 / 0.544 51.5 / 20.0
MFM [47] 49.9 / 82.4 / 0.600 51.7 / 20.7
MulT [48] 53.8 / 86.6 / 0.532 61.7 / 39.6
MISA [13] 53.3 / 84.7 / 0.543 52.7 / 22.7
DMD [22] 47.1 / 86.7 / 0.621 61.9 / 33.9
Emo-LLaMA∗ [9] - / 67.7 / - 46.8 / -
AffectGPT∗ [26] - / 80.9 / - 56.7 / -

(2)

TFR-Net [53] 51.2 / 85.1 / 0.559 61.0 / 39.9
DiCMoR [50] 47.2 / 79.3 / 0.652 53.7 / 26.7
EMT-DLFR [43] 51.7 / 84.0 / 0.567 59.5 / 35.6
UMDF [20] 52.6 / 84.4 / 0.555 59.7 / 34.5
CorrKD [21] 52.4 / 86.5 / 0.549 61.1 / 33.0
DQF(Ours) 55.6 / 86.9 / 0.520 63.1 / 40.4

missing patterns were (1) randomly missing frames and (2)
consecutively missing frames. For the missing-value repre-
sentation, we adopted (1) replacement with zero vectors and
(2) replacement with values sampled from a normal distri-
bution. In this paper, we report the results for randomly
missing frames with zero-vector replacement, while the re-
sults for the other settings are provided in the supplementary
material.

Result on CMU-MOSEI. Table 2 presents the AUILC
for all seven combinations of incomplete modality configu-
rations. Overall, methods trained on complete inputs tend
to outperform those trained under incomplete conditions,
reflecting the advantage of full-modality supervision. Nev-
ertheless, our proposed method DQF, trained solely on in-
complete inputs, achieves the highest performance across
all configurations and all evaluation metrics. In particular,
under the most challenging setting where all three modal-
ities are simultaneously subject to missingness ({v, a, t}),
DQF achieves an Acc.7 of 52.9%, exceeding the best base-
line by +2.5%.

Result on MELD. Table 3 presents the AUILC under all
combinations of incomplete modality configurations. Sim-
ilar to CMU-MOSEI, methods trained on complete inputs
generally outperform those trained under incomplete con-
ditions, benefiting from access to full modality information
during training. Despite being trained solely on incomplete
inputs, DQF achieves the best performance across all con-
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Table 2. Performance under randomly missing modality conditions on CMU-MOSEI. AUILC scores are reported for Acc.7 / Acc.2 / MAE.
The methods are grouped into two categories: (1) methods trained on complete inputs, and (2) methods explicitly designed to handle
incomplete inputs. Higher is better for all metrics except MAE.

Models Incomplete modality
{v} {a} {t} {v, a} {v, t} {a, t} {v, a, t}

(1)

TFN [54] 49.8 / 84.5 / 0.574 48.6 / 83.4 / 0.594 45.3 / 79.4 / 0.668 49.8 / 84.6 / 0.577 46.9 / 80.3 / 0.650 45.7 / 78.4 / 0.668 46.8 / 78.5 / 0.659
MFN [55] 48.7 / 83.6 / 0.601 50.0 / 82.7 / 0.591 47.4 / 80.5 / 0.645 49.6 / 84.0 / 0.597 47.1 / 80.0 / 0.650 47.6 / 80.7 / 0.641 47.3 / 80.3 / 0.647
Graph-MFN [57] 49.1 / 84.7 / 0.593 49.4 / 83.9 / 0.591 47.9 / 80.7 / 0.636 48.9 / 83.9 / 0.595 47.7 / 80.3 / 0.641 47.7 / 80.4 / 0.639 47.4 / 79.9 / 0.645
LMF [30] 51.7 / 86.8 / 0.545 51.7 / 86.6 / 0.547 49.6 / 83.2 / 0.603 51.6 / 86.5 / 0.549 49.7 / 83.1 / 0.603 49.7 / 83.2 / 0.604 49.6 / 83.0 / 0.605
MCTN [39] 53.0 / 85.6 / 0.545 53.0 / 85.6 / 0.544 49.9 / 82.0 / 0.604 53.0 / 85.8 / 0.545 50.1 / 82.1 / 0.604 50.1 / 82.2 / 0.603 50.0 / 82.1 / 0.604
MFM [47] 50.9 / 83.6 / 0.581 50.0 / 82.7 / 0.601 47.6 / 78.9 / 0.652 50.8 / 83.6 / 0.582 48.4 / 79.2 / 0.638 47.4 / 79.1 / 0.652 48.2 / 80.0 / 0.635
MulT [48] 53.6 / 86.5 / 0.536 53.7 / 86.6 / 0.533 48.4 / 78.1 / 0.657 53.5 / 86.5 / 0.537 48.4 / 77.2 / 0.659 48.4 / 78.0 / 0.658 48.4 / 77.1 / 0.662
MISA [13] 53.2 / 85.1 / 0.545 53.2 / 84.7 / 0.543 50.0 / 80.7 / 0.602 53.3 / 85.1 / 0.545 49.7 / 80.9 / 0.608 50.0 / 80.7 / 0.602 49.7 / 81.0 / 0.608
DMD [22] 46.4 / 83.1 / 0.630 46.5 / 83.0 / 0.629 45.1 / 78.7 / 0.678 46.2 / 83.3 / 0.630 45.1 / 78.5 / 0.682 45.1 / 78.9 / 0.679 45.1 / 78.3 / 0.684

(2)

TFR-Net [53] 51.4 / 85.2 / 0.560 51.2 / 85.2 / 0.560 49.6 / 81.8 / 0.604 51.2 / 85.2 / 0.560 49.8 / 81.8 / 0.603 49.6 / 81.8 / 0.605 49.8 / 81.9 / 0.602
DiCMoR [50] 47.0 / 79.3 / 0.657 47.0 / 79.3 / 0.653 45.7 / 77.1 / 0.683 46.8 / 79.3 / 0.658 45.7 / 76.9 / 0.689 45.6 / 77.0 / 0.684 45.6 / 76.8 / 0.690
EMT-DLFR [43] 51.6 / 84.2 / 0.567 51.6 / 83.9 / 0.567 49.8 / 81.3 / 0.600 51.5 / 84.0 / 0.568 50.0 / 81.5 / 0.600 49.9 / 81.2 / 0.600 50.0 / 81.5 / 0.602
UMDF [20] 52.5 / 84.4 / 0.557 52.5 / 84.4 / 0.556 50.7 / 81.7 / 0.595 52.2 / 84.4 / 0.559 50.6 / 81.2 / 0.600 50.7 / 81.3 / 0.598 50.4 / 81.1 / 0.602
CorrKD [21] 53.1 / 86.8 / 0.541 51.9 / 86.6 / 0.553 49.9 / 82.8 / 0.595 52.7 / 86.8 / 0.546 50.4 / 82.5 / 0.591 49.8 / 83.2 / 0.596 50.2 / 83.3 / 0.592
DQF(Ours) 55.5 / 87.1 / 0.520 55.2 / 86.9 / 0.521 53.2 / 84.4 / 0.562 55.3 / 87.0 / 0.522 53.0 / 84.2 / 0.565 53.0 / 84.1 / 0.564 52.9 / 83.8 / 0.568

Table 3. Performance under randomly missing modality conditions on MELD. AUILC scores are reported for WAR and UAR. The
methods are grouped into two categories: (1) methods trained on complete inputs, and (2) methods explicitly designed to handle incomplete
modalities. Higher values indicate better performance.

Models Incomplete modality
{v} {a} {t} {v, a} {v, t} {a, t} {v, a, t}

(1)

TFN [54] 60.0 / 32.4 59.9 / 32.0 55.5 / 27.8 60.2 / 31.8 56.1 / 27.7 55.7 / 26.2 55.9 / 25.8
MFN [55] 59.6 / 32.9 58.9 / 33.8 53.1 / 32.8 58.9 / 33.2 53.2 / 32.3 49.6 / 28.1 48.9 / 27.5
Graph-MFN [57] 58.5 / 30.1 56.2 / 25.6 43.0 / 25.2 55.7 / 24.8 43.3 / 24.3 46.7 / 22.1 47.1 / 20.9
LMF [30] 48.1 / 14.3 48.1 / 14.3 48.1 / 14.3 48.1 / 14.3 48.1 / 14.3 48.1 / 14.3 48.1 / 14.3
MCTN [39] 51.5 / 20.0 51.5 / 20.0 49.6 / 16.5 51.5 / 20.0 49.6 / 16.5 49.6 / 16.6 49.6 / 16.5
MFM [47] 51.8 / 21.0 52.1 / 21.6 49.7 / 18.8 52.2 / 21.9 49.6 / 18.9 49.4 / 19.0 49.5 / 19.3
MulT [48] 62.1 / 38.8 60.5 / 39.7 54.1 / 30.2 61.3 / 39.6 54.5 / 28.7 52.3 / 30.6 53.8 / 29.2
MISA [13] 52.7 / 22.7 52.7 / 22.7 51.3 / 20.7 52.7 / 22.7 51.3 / 20.7 51.2 / 20.6 51.3 / 20.7
DMD [22] 61.8 / 33.7 61.9 / 34.0 53.7 / 26.1 61.7 / 33.8 53.5 / 26.1 53.4 / 26.1 53.6 / 26.1

(2)

TFR-Net [53] 60.5 / 39.8 60.4 / 39.8 57.4 / 34.1 60.3 / 39.9 57.3 / 34.1 57.1 / 34.1 57.0 / 33.4
DiCMoR [50] 53.5 / 26.7 52.8 / 27.3 51.2 / 22.2 52.9 / 27.1 51.0 / 22.3 50.3 / 22.6 50.0 / 22.4
EMT-DLFR [43] 59.6 / 35.6 59.6 / 35.7 56.2 / 29.1 59.6 / 35.6 56.2 / 29.0 56.2 / 29.1 56.2 / 29.0
UMDF [20] 59.8 / 34.7 60.1 / 34.5 56.3 / 28.9 60.0 / 34.6 56.2 / 28.9 56.3 / 28.6 56.3 / 28.7
CorrKD [21] 61.2 / 33.0 61.2 / 32.8 56.1 / 28.8 61.4 / 32.8 56.1 / 28.7 56.5 / 28.3 56.6 / 28.3
DQF(Ours) 62.9 / 40.3 62.5 / 40.0 59.1 / 36.2 63.0 / 40.0 59.2 / 35.8 58.6 / 35.0 59.0 / 34.9

figurations in both evaluation metrics. Notably, under the
most challenging setting where all three modalities are si-
multaneously subject to missingness ({v, a, t}), DQF ob-
tains a WAR of 59.0% and a UAR of 34.9%, outperforming
the best baseline by +2.0% and +1.5%, respectively.

Overall findings. Despite being trained solely on par-
tially observed inputs, DQF consistently outperforms exist-
ing methods, including those trained with full supervision,
across all configurations, datasets, and evaluation metrics.
These results underscore the strength of our query-based
design in capturing task-relevant information under severe
modality incompleteness.

4.5. Ablation Study
4.5.1. Effectiveness of Each Component
We conducted an ablation study on CMU-MOSEI to evalu-
ate each component under incomplete modality conditions,

comparing DQF with three variants: (1) w/o Q-UA, where
Q-UA is replaced by a Transformer encoder; (2) w/o Q-CA,
where Q-CA is replaced by a Transformer that takes con-
catenated unimodal features as input; (3) Q-UA w/ MulT,
where Q-CA is replaced by MulT [48], a widely used cross-
modal attention model.

Table 4 shows the AUILC for all incomplete modality
settings. Removing Q-CA (w/o Q-CA) leads to larger per-
formance drops than removing Q-UA, indicating the impor-
tance of cross-modal query interaction. Replacing Q-CA
with MulT improves performance over w/o Q-CA, confirm-
ing that explicitly modeling inter-modal attention is effec-
tive. However, DQF still performs best, showing the ad-
vantage of query-guided fusion over conventional attention
strategies.

Q-UA contributes to robust unimodal encoding under
missing inputs, while Q-CA enables efficient and selective
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Table 4. Ablation study evaluating each component of DQF under incomplete multimodal conditions on CMU-MOSEI. Each item repre-
sents Acc.7 / Acc.2 / MAE.

Models Incomplete modality
{v} {a} {t} {v, a} {v, t} {a, t} {v, a, t}

w/o Q-UA 52.7 / 86.3 / 0.551 52.5 / 86.3 / 0.552 50.8 / 83.6 / 0.590 52.7 / 86.3 / 0.552 50.8 / 83.2 / 0.592 50.7 / 83.3 / 0.591 50.8 / 83.2 / 0.593
w/o Q-CA 52.3 / 85.3 / 0.546 52.3 / 85.8 / 0.542 50.5 / 82.9 / 0.584 52.3 / 85.3 / 0.546 50.4 / 81.7 / 0.592 50.4 / 82.8 / 0.585 50.5 / 81.8 / 0.592

Q-UA w/ MulT 53.9 / 84.9 / 0.533 53.9 / 85.0 / 0.533 51.8 / 82.0 / 0.579 53.9 / 84.8 / 0.534 51.6 / 80.9 / 0.586 51.7 / 82.1 / 0.579 51.8 / 80.5 / 0.584
DQF 55.5 / 87.1 / 0.520 55.2 / 86.9 / 0.521 53.2 / 84.4 / 0.562 55.3 / 87.0 / 0.522 53.0 / 84.2 / 0.565 53.0 / 84.1 / 0.564 52.9 / 83.8 / 0.568

Table 5. Comparison of different number of layers and heads in the Q-UA and Q-CA modules under incomplete multimodal conditions on
CMU-MOSEI. Each item represents Acc.7 / Acc.2 / MAE.

Layers (L) / Heads (H) Incomplete modality
{v} {a} {t} {v, a} {v, t} {a, t} {v, a, t}

L=2 / H=2 54.6 / 86.5 / 0.524 54.7 / 86.6 / 0.523 52.6 / 84.2 / 0.564 54.4 / 86.5 / 0.526 52.4 / 84.0 / 0.568 52.4 / 83.7 / 0.568 52.3 / 83.5 / 0.572
L=2 / H=4 55.1 / 86.0 / 0.527 55.0 / 86.1 / 0.525 53.0 / 83.8 / 0.565 55.0 / 86.0 / 0.527 52.6 / 83.4 / 0.571 52.9 / 83.4 / 0.568 52.6 / 83.2 / 0.573
L=4 / H=4 54.6 / 86.6 / 0.524 54.5 / 86.4 / 0.526 52.6 / 84.2 / 0.564 54.5 / 86.4 / 0.525 52.4 / 83.9 / 0.567 52.4 / 83.8 / 0.569 52.4 / 83.4 / 0.570
L=6 / H=4 55.5 / 87.1 / 0.520 55.2 / 86.9 / 0.521 53.2 / 84.4 / 0.562 55.3 / 87.0 / 0.522 53.0 / 84.2 / 0.565 53.0 / 84.1 / 0.564 52.9 / 83.8 / 0.568
L=6 / H=6 54.8 / 86.4 / 0.529 55.1 / 86.7 / 0.524 53.1 / 84.3 / 0.565 54.7 / 86.7 / 0.529 52.6 / 83.8 / 0.573 52.9 / 84.0 / 0.567 52.5 / 83.3 / 0.574
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Figure 4. Visualization of the joint multimodal representation.

cross-modal fusion. Together, they support both modality
compensation and alignment, which are crucial for robust
multimodal learning. The consistent improvements over all
ablated variants demonstrate the effectiveness of our query-
based design under incomplete and uncertain inputs.

4.5.2. Effectiveness of the Number of Layers and Heads
We investigated the impact of varying the number of lay-
ers and attention heads in the Q-UA and Q-CA modules.
Table 5 presents the AUILC for all incomplete modality
settings. This result shows the effect of varying the num-
ber of layers and heads in the Q-UA and Q-CA modules.
We observe that deeper architectures consistently improve
performance, while excessively increasing the number of
heads does not yield further gains. In particular, the con-
figuration with six layers and four heads achieves the best
balance, providing the highest accuracy and lowest MAE
across most incomplete-modality conditions.

4.6. Qualitative Analysis
To evaluate feature robustness, we visualized t-SNE embed-
dings and compared DQF with three baselines: MulT [48]

(complete-modality), EMT-DLFR [43] (reconstruction-
based), and CorrKD [21] (distillation-based).

Figure 4 shows the t-SNE embeddings under two con-
ditions: (top) complete modality inputs, and (bottom) a
severe missing scenario where all modalities are indepen-
dently masked with a probability of 0.9. Under complete in-
puts, all models form reasonably well-separated clusters by
emotion labels. However, under the missing modality con-
dition, MulT’s feature space becomes notably fragmented,
indicating reduced robustness. EMT-DLFR and CorrKD re-
tain more structure, reflecting moderate resilience to miss-
ing inputs. DQF, in contrast, maintains a coherent and well-
separated embedding space even under severe degradation,
demonstrating its strong ability to extract task-relevant fea-
tures despite high uncertainty. These qualitative trends
align well with the quantitative performance, reinforcing
that DQF produces more robust and semantically meaning-
ful representations under severe input degradation.

5. Conclusion

We proposed Dual-Query Fusion (DQF), a query-based
architecture for robust multimodal emotion recognition
under incomplete modality conditions. DQF introduces
two learnable queries: Q-UA for unimodal feature ex-
traction and Q-CA for cross-modal integration, enabling
strong performance without relying on full-modality
supervision. Unlike prior approaches that still require
complete data during training, DQF learns solely from
incomplete inputs. Experiments on CMU-MOSEI and
MELD demonstrate that DQF outperforms state-of-the-art
methods and generalizes well to complete inputs, con-
firming its robustness to modality incompleteness. A
current limitation is that our evaluation relies on simulated
missing modalities on two benchmarks and focuses only on
supervised MER. Validating DQF on real-world incomplete
data and broader affective tasks is left for future work.
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