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Abstract

Multimodal intent recognition predicts a
speaker’s intent from text, audio, and video, en-
abling conversational Al and human—computer
interaction. However, existing methods share
two limitations: (I) the three modalities are as-
signed equivalent roles even though text alone
carries most of the predictive signal; (II) nonver-
bal cues that complement text are mixed with
cues that merely repeat it. We propose Asym-
metric Multimodal Learning with Residual De-
composition (AML), in which text produces
the primary prediction and nonverbal signals
enter only as a correction. The correction splits
into Hierarchical Modality Calibration (HMC),
which removes cues already present in text,
and Asymmetric Multimodal Disentanglement
(AMD), which carries cues that add new infor-
mation. Extensive experiments on MIntRec2.0
and IEMOCAP-DA show that AML consis-
tently surpasses prior state-of-the-art methods
across all reported metrics, and additional anal-
yses confirm the structural advantages of the
asymmetric design.

1 Introduction

Multimodal intent recognition aims to utilise infor-
mation from natural language together with non-
verbal modalities such as speech audio and video
so that machines can discern the communicative
intent behind real-world utterances. It plays an
increasingly important role in conversational Al,
human—computer interaction (Xu, 2019), intelli-
gent dialogue systems (Fan et al., 2022), and other
human-robot interaction applications (Paul et al.,
2022).

Prior works (Zhang et al., 2022, 2024) have pi-
oneered this area by introducing large-scale multi-
modal intent datasets and adapting fusion strategies
from multimodal sentiment analysis to construct
initial baselines (Hazarika et al., 2020; Tsai et al.,
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2019; Rahman et al., 2020). Building on this foun-
dation, one line of work strengthens the alignment
between text and nonverbal streams through fine-
grained interaction mechanisms, including token-
level contrastive learning with modality-aware
prompts (Zhou et al., 2024), shallow-to-deep in-
teraction frameworks (Huang et al., 2024), and se-
mantic relational reasoning over LLM-extracted
fine-grained cues (Zhou et al., 2025). A sec-
ond line couples fusion with an explicit out-of-
distribution objective so that the model recognises
unseen intents (Zhang et al., 2025). A third line
draws on shared/private disentanglement (Bous-
malis et al., 2016; Hazarika et al., 2020) and its
recent counterfactual-intervention extension (Chen
et al., 2024) to factor modality contributions before
fusing them. Across all three lines, however, the
resulting architectures share a common assumption
(illustrated in Figure 1, left): text, audio, and video
are peer contributors to a single fused representa-
tion, and the principal task of the model is to learn
how to combine them in a balanced way.

Despite this progress, two critical issues remain
unresolved across existing methods. First, since
text alone already carries most of the predictive
intent (Mullick et al., 2025), the additional engi-
neering effort spent on the nonverbal modalities
tends to add noise rather than additional informa-
tion. Second, fusing all three modalities into one
signal mixes complementary nonverbal cues with
cues that echo text, leaving the two inseparable.
Addressing both issues calls for a different archi-
tectural design rather than further engineering on
existing mechanisms: one that (1) suppresses noise
from the weaker modalities, and (2) disentangles
complementary nonverbal evidence from cues that
merely echo text.

These limitations expose a more fundamental
gap in how the three modalities are integrated into
the prediction. Even when explicit per-modality
reliability weights are introduced, this only refines
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Figure 1: Conceptual comparison between vanilla multimodal fusion and AML.

how loudly each modality is allowed to speak, leav-
ing open the more basic question of what role each
modality plays in shaping the prediction. In our
approach, text serves as the primary source of the
prediction and the nonverbal modalities only refine
it, so that each modality contributes in proportion
to the information it carries. In addition to this,
only nonverbal cues that genuinely supplement the
text are allowed to influence the prediction; cues
that merely echo text are removed.

To address the first of these issues, we introduce
AML (Asymmetric Multimodal Learning). Given
that text already carries the bulk of the predictive
intent, AML adopts an asymmetric architecture.
Text is established as the primary predictive chan-
nel, while the nonverbal modalities are restricted to
a complementary refining role. The text representa-
tion is initially trained in isolation to consolidate its
role as the primary predictor before any nonverbal
information enters the architecture. Subsequently,
with the text channel frozen, a separate branch is
trained to combine it with the nonverbal modali-
ties and yield a structurally separate correction that
resides outside the text prediction pathway. This
structural separation constrains the nonverbal con-
tribution to a supplementary role, preserving the
original text prediction as the baseline. By con-
struction, disabling the correction exactly recovers
the text-only prediction. The correction can nev-
ertheless hurt an individual prediction when its di-
rection is wrong; improvements over the text-only
channel are therefore empirical aggregate results,
not per-sample guarantees.

To address the second of these issues, we struc-
turally separate the multimodal correction into two
parts that handle echo cues and complementary con-
tributions differently. We introduce Hierarchical

Modality Calibration (HMC), a per-sample scaling
of the text prediction that removes echo cues from
the class decision. Complementary contributions,
by contrast, flow through Asymmetric Multimodal
Disentanglement (AMD), the only channel that ab-
sorbs nonverbal evidence into the final prediction.
Consequently, only complementary nonverbal cues
can alter the final prediction, while cues that merely
echo text are removed before they reach it. To-
gether, HMC and AMD achieve a structural dis-
entanglement that makes the architecture robust
against misleading or redundant nonverbal signals.

Beyond raw accuracy, controlled axis-specific
interventions on the nonverbal correction localise
the gain to its direction — which alternative class
the nonverbal cues propose — while its magnitude
— how strongly the cues vote against text — is
largely fungible above a low threshold. The cor-
responding intervention on the text-aligned scalar
is statistically inert, the predicted outcome of the
architectural identity.

Our contributions are as follows.

* We introduce a new training framework for mul-
timodal intent recognition, where text serves as
the primary prediction channel and the nonver-
bal modalities provide auxiliary refinement, so
each modality contributes through its proper role
rather than as equals.

* We propose AML (Asymmetric Multimodal
Learning with Residual Decomposition), an ar-
chitecture that achieves structural robustness
against misleading or redundant nonverbal cues,
delivering reliable intent recognition across di-
verse multimodal input qualities.

e AML achieves state-of-the-art results on two
multimodal intent recognition benchmarks. Ad-
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ditional analyses verify its structural advantages.

2 Related Work

2.1 Multimodal Intent Recognition

Multimodal intent recognition predicts a speaker’s
communicative intent from paired transcript, au-
dio, and video. The MIntRec (Zhang et al., 2022)
and MIntRec2.0 (Zhang et al., 2024) benchmarks,
together with dialogue-act corpora built on top of
IEMOCAP (Busso et al., 2008), anchor evalua-
tion in this trimodal setting. Early baselines port
architectures from multimodal sentiment analysis.
MAG-BERT (Rahman et al., 2020) inserts a gating
module that shifts BERT hidden states with acous-
tic and visual offsets, while MulT (Tsai et al., 2019)
couples unaligned modality streams via directional
pairwise cross-attention. Building on these, recent
work refines text—nonverbal interaction at the ar-
chitectural level, where TCL-MAP (Zhou et al.,
2024) combines modality-aware prompting with
token-level contrastive learning on label tokens and
SDIF-DA (Huang et al., 2024) stacks shallow-to-
deep interaction blocks with data augmentation.
MIntOOD (Zhang et al., 2025) extends intent clas-
sification to out-of-distribution detection. Beyond
in-network designs, LGSRR (Zhou et al., 2025)
delegates semantic extraction to a large language
model and reasons relationally over the resulting
cues. Across these designs, Mullick et al. (2025)
nonetheless find that a text-only large language
model (Mistral-7B) outperforms competitive multi-
modal fusion models on these benchmarks, attribut-
ing the gap to strong textual bias in the data.

2.2 Modality Imbalance

Jointly trained multimodal classifiers often under-
use their weaker modalities. Gradient Blending
(Wang et al., 2020) observes that a multimodal
network can generalise worse than the best of its
unimodal sub-networks, and blends gradients from
joint and unimodal losses to balance the optimisa-
tion. OGM (Peng et al., 2022) attributes the gap
to gradient suppression by the dominant modality
and applies on-the-fly gradient modulation that re-
balances per-modality update magnitudes during
training. Du et al. (2023) show that joint multi-
modal training degrades the unimodal features each
branch learns, and propose to decouple unimodal
feature learning from the multimodal interaction
stage.

2.3 Residual Learning

Residual learning decomposes a model’s output
into an anchored baseline and a learnable correc-
tion, so that the trainable components only model
the deviation from the baseline rather than re-derive
the full signal. He et al. (2016) introduce this
pattern in deep residual networks through iden-
tity shortcuts added to the output of each learnable
block. In transfer learning, residual adapters apply
the same contract at the parameter level. Rebuffi
et al. (2017) attach small additive modules to a
frozen vision backbone, and Houlsby et al. (2019)
extend the design to language models through the
adapter framework, in which each adapter is ini-
tialised close to identity so that the frozen baseline
is preserved at the start of training.

3 Method

AML comprises two training stages (Figure 2).
The first stage trains a text-anchored primary clas-
sification channel; the second stage freezes the text
channel and learns a multimodal correction decom-
posed orthogonally against the text-logit direction.

3.1 Problem Formulation

The task of multimodal intent recognition is to pre-
dict the communicative intent of a speaker from
paired text, audio, and video. A multimodal intent
recognition dataset D = {(x],z Y, vi)}Y,
provides, for each utterance 4, a transcript z7,
an audio waveform z*, a video clip 2V, and an
intent label y € {1,..., K}, where K is the
number of intent classes defined by the bench-
mark. The model receives the three modalities
jointly and must produce a single intent prediction
g € {1,..., K}. Each input modality is encoded
into a fixed-dimensional feature vector through a

modality-specific pretrained encoder,

TT:fT(xT)v r :fA(‘TA)a TV:fV(xV)ﬂ

(1)
with each encoder followed by mean pooling along
the time dimension; we denote the resulting text,
audio, and video features as r*, v, rV € R? with
a common feature dimension d.

3.2 Residual Geometry Structuring (RGS)

The first stage trains the text head in isolation so
that it provides a stable predictive direction for
the orthogonal decomposition introduced in Sec-
tion 3.3. We attach two heads to the text repre-
sentation r ', a classifier head and a non-negative

44632



(a) Text Anchored Main Branch

class K

Text
We could g
8 we could go
over there
at lunch.

Residual Geometry
Structuring
DCE +KL

Text Encoder
-

text_repr

( (¢) Final Decision \

Final Prediction

Text logit ¢
K-

—_

(specch waeform)

o

audio_repr

‘Audio Encoder|
o

Multimodal
Fusion
text + audio +

video_repr \

AN

v

Predicted intent ‘

Figure 2: Overview of the proposed AML framework.

evidence head,

t = fcls(rT) € RK? e = fevi(rT) € R[Z(O’
2
where ¢ is used downstream as the text prediction
direction and e supplies evidence for an associated
Dirichlet posterior. The evidence vector parame-
terises a Dirichlet posterior over the class probabil-

ity simplex,

Dir(ogiy), ogir = e+ 1,

3

following the evidential deep learning framework
of Sensoy et al. (2018). Treating the prediction as a
distribution over the simplex rather than as a point
estimate encourages the text head to learn a cali-
brated confidence in addition to a correct arg max,
which is what later allows the multimodal correc-
tion to be decomposed cleanly against the text di-
rection.

We train both heads jointly with a cross-entropy
loss on the text logits and an evidential objective.
The latter combines a Dirichlet cross-entropy (DCE)
on the expected log-likelihood under Dir(ag;;)
(Sensoy et al., 2018) with a Kullback-Leibler regu-
lariser on off-target evidence (Han et al., 2021b):

Lp1 = Lcg(t,y)
+ AevilLpcE(dir, ¥) + Ak L1 -

Here L1, = KIDir(éai) || Dir(1)). The Dirich-
let cross-entropy term takes the explicit form

“)

K
Lpce(owir, y) = Zyk (¥(S) =¥ (adirk)), (5)
=1

where S = >, agirk is the Dirichlet strength
and 1 (-) is the digamma function, and the KL
regulariser uses the flattened parameters a gy, =
y + (1 — y) ® aqir, which set the target-class con-
centration to one and retain the off-target concen-
trations for KL penalisation.

3.3 Orthogonal Residual Decomposition

The text head is frozen after Phase 1 and supplies
a stable predictive direction in the logit space. To
incorporate audio and video without disturbing this
direction, we first fuse the three modality represen-
tations through a multimodal fusion MLP,

o= MLPfuse([ rT

I ]) € R>2. (6)
where [-; -; -] denotes channel-wise concatenation,
and then map the fused feature through a correction
head f.orr to a correction logit vector,
c = fcorr(TF) € RK, (7
intended to adjust the text prediction with cross-
modal evidence. An unconstrained correction
would in general rewrite the text head’s predic-
tion; we instead decompose c explicitly so that the
text-aligned and the text-orthogonal contributions
of the correction can be handled separately.
Because c contains both information that over-
laps with the text prediction direction and infor-
mation that is orthogonal to it, we decompose ¢
explicitly against the frozen text logits ¢:

c=at+7, (v.t) = 0. 3)

The decomposition is unique once t is fixed (Ap-
pendix B provides the full derivation). The two
components, named below, capture functionally
distinct aspects of the correction. Our use of echo
and complementary is functional rather than se-
mantic: the text-aligned component is called echo
because, under the empirically non-negative scal-
ing reported in Section 4.5, it preserves the text
prediction’s class ranking. The orthogonal residual
is called complementary because it is the only com-
ponent with the freedom to change the prediction
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relative to the text head. This functional guaran-
tee does not establish semantic disentanglement of
linguistically redundant and complementary cues.

Hierarchical Modality Calibration. The scalar
a quantifies how much of the multimodal correc-
tion lies along the text head’s prediction direction.
It is defined, for non-zero ¢, as the projection of ¢
onto ¢, (1)
¢t
o= s (C)]

so that a ¢ is the text-aligned component of c. Be-
cause « is determined entirely by inner products
of c and ¢ at inference, it introduces no additional
learnable parameters into the architecture: the cal-
ibration is read directly off the correction head’s
output rather than learned by a separate scoring
module. Operationally, o calibrates the modality
hierarchy of the architecture: when o > 0, the text-
aligned component is a positive rescaling of ¢ that
preserves the text head’s arg max, and any predic-
tive shift the correction induces must be carried by
the orthogonal residual v defined next.

The frozen text channel and the multimodal cor-
rection are combined through a learned mixing
scalar 5(z) € (0,1),

final(z) = B(z)t + (1—B(z))c,

and the predicted class is the index of the largest
logit,

(10)

y = arg max final(x). 11
Y g max, () (11
Asymmetric Multimodal Disentanglement.

The residual +y carries the portion of the multimodal
correction that is uncorrelated with the text head’s
prediction direction. It is obtained by subtracting
the text-aligned component from c,

v = c—at, (12)

and is orthogonal to ¢ by construction. Substituting
Equation 12 into the final prediction (Equation 10)
and collecting the text-aligned terms yields

final(z) = [B+(1—B)a]t + (1—8)7, (13)

in which the bracketed coefficient is positive when-
ever a > 0; the text-aligned term is then argmax-
invariant under positive rescaling, and -y is the sole
component of the architecture capable of altering
the predicted class. Because v depends on the full
correction c rather than on « alone, different AV

inputs paired with the same text produce different
residuals, so the prediction-shifting signal varies on
a per-sample basis even when the text head’s output
is held fixed. At inference the model performs a
single forward pass through the text channel, the
audio and video encoders, the fusion MLP, and the
correction head, and emits g directly from Equa-
tion 11.

3.4 Training Objective

For a mini-batch B, the orthogonality regulariser
uses the detached batch-level residual

Zi66<ci7ti>>
T (14)

a= stopgrad<
ZieB <tiv ti)

Vi = ¢ — at;.

Although its batch-summed projection is zero, in-
dividual (7;, t;) need not vanish, so the per-sample
squared cosines are non-degenerate. The exact o;
and y; in Equations 9—12 remain the inference-time
decomposition; only the training regulariser uses &
and 7;.

Phase 2 is trained with the mini-batch composite
loss

Lpo = Lcg(final, y)

A ~
4 Zorth Zwi cos® (3, t;)

Bl i

)\para ~ 2
+5 > 1Al

Bl i
+)\aux(£éE+[’\C/E)a

(15)

where the regulariser quantities are

B H (softmax(t;))
W=t log K ’
(Fi, ti)?
max(|[7:, €)% max([[t:], )*’
2 (i, ti)?

-~ max((t;, t;),€)

cos® (i, t;) =

17,1

(16)

Here, ¢ = 1078 safeguards zero norms.

The parallel-magnitude penalty discourages text-

aligned rescaling, which is argmax-invariant un-

der the empirically non-negative alignment coeffi-

cients; all regulariser weights are selected on the
development set. The joint cross-entropy is

K

Lcg(final, y) = —Z yi log softmax(final)y,
k=1
(17)
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Methods MintRec2.0 IEMOCAP-DA
ACC(T) FI (1) P(™) R WFL() WP |ACC(T) F1 (1) P(®) R WFL(T) WP
MISA 55.16 49,51 51.80 4992 5505 57.06 | 73.76 7226 73.03 72.51 73.59  73.87
MAG-BERT | 60.38 54.74 57.51 5454 59.61 60.00 | 7425 72.07 73.18 7233 74.03 74.28
MulT 60.66 54.12 58.02 53.77 59.55 60.12 | 73.74 7228 73.40 7221 73.66 74.15
TCL-MAP 58.24 5225 5428 5241 5724 5755 | 7437 72.63 74.02 7239 7421 7476
SDIF-DA 58.06 5195 53.17 52.16 57.47 57.85 | 74.19 7234 7376 7239 74.04 7477
MIntOOD 58.25 51.73 56.79 5099 57.11 58.65 | 74.56 7131 72770 70.89 7440  74.65
LGSRR 60.46 5535 59.33 55.09 59.72 60.85 | 74.95 7299 74.27 7274 74.88 7547
AML | 62.74 5826 61.87 57.35 62.06 62.60 | 75.32 7341 74.69 77.14 7526 75.66
Table 1: Main results on MIntRec2.0 and IEMOCAP-DA.
Methods In-scope Classification In-scope + Out-of-scope Classification
ACC(%) WF1(%) WP(%) R(%) | F1-IS(%) ACC(%) F1-O0S(%) F1(%)
w/o Out-of-scope samples
TEXT 59.30 58.01 58.85 51.31| 43.37 43.24 30.40 42.96
MAG-BERT | 60.58 59.68 59.98 55.10| 46.48 44.80 34.03 46.08
MulT 60.66 59.55 60.12 53.77 | 45.65 46.14 38.57 45.42
AML 62.74 62.06 62.60 57.35| 48.74 49.96 45.04 48.62
w/ Out-of-scope samples
TEXT 59.99 58.62 58.65 52.11 | 45.83 55.61 61.54 46.34
MAG-BERT | 60.12 59.11 58.83 53.79| 47.52 56.20 62.47 48.00
MulT 60.18 58.82 59.38 52.56 | 46.88 56.00 61.66 47.35
AML 61.08 60.06 60.83 54.76 | 48.39 57.12 63.56 48.88

Table 2: Main results on MIntRec2.0-OOD.

and the auxiliary losses on the audio and video
encoders take the same cross-entropy form on their
respective heads,

EéE = »CCE (fA,head (TA)v y) )

(18)
LI = LcE (v heaa(rY), y).
4 Experiments
4.1 Experimental Setting
Datasets and Evaluation Metrics. We conduct

experiments on two multimodal intent recognition
benchmarks, MIntRec2.0 (Zhang et al., 2024) and
IEMOCAP-DA (Busso et al., 2008; Zhou et al.,
2025), both of which target multimodal intent
recognition; MIntRec2.0 additionally provides an
out-of-scope test partition for joint in-scope classifi-
cation and OOD detection. We adopt six metrics to
evaluate in-scope classification: accuracy (ACC),
macro-F1 (F1), macro-precision (P), macro-recall
(R), weighted-F1 (WF1), and weighted-precision
(WP). To evaluate out-of-scope classification, we
utilize accuracy (ACC), macro Fl-score over all
classes (F1), in-scope F1 (F1-IS), and out-of-scope
F1 (F1-00S).

Implementation Details. For feature extraction,
we adopt BERT-large-uncased (Devlin et al., 2019)
for text, WavLM-base (Chen et al., 2022) for au-
dio, and a Swin-Transformer ROI extractor (Liu
et al., 2021) for video. The composite loss is op-
timised with AdamW on a single NVIDIA RTX
5090 GPU, and reported numbers are averaged
across five training runs. Further implementation
and dataset details are provided in Appendix A.

4.2 Comparative Baselines

For comparison, we consider the following multi-
modal intent recognition methods as baselines: (1)
MAG-BERT (Rahman et al., 2020); (2) MulT (Tsai
et al., 2019); (3) MISA (Hazarika et al., 2020);
(4) TCL-MAP (Zhou et al., 2024); (5) SDIF-DA
(Huang et al., 2024); (6) MIntOOD (Zhang et al.,
2025); (7) LGSRR (Zhou et al., 2025).

4.3 Main Results

Results on MIntRec2.0 and IEMOCAP-DA.
Table 1 presents the comparison of AML against
all baselines. Our method achieves the best results
across all six evaluation metrics on both bench-
marks. On MIntRec2.0, AML outperforms the
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Ablation MintRec2.0 IEMOCAP-DA

ACC(T) F1(1) P() R WFI(H) WP() | ACC(T) FI(P) P() R(M) WFI() WP()
w/o RGS 61.65 55.87 59.24 5505 60.66 60.93 74.15 71.07 69.44 7620 74.03  74.55
w/o HMC 61.78 56.81 60.94 5598 6091 61.66 | 74.01 71.44 70.27 7697 7393 7437
w/o AMD mag | 61.19 5572 60.27 5492 60.22 61.09 7390 7093 70.67 74.78 73.78  74.12
w/o AMD dir 58.26 52.55 5525 5196 5723 57.65 | 73.27 7032 7047 7491 73.10 73.44
w/o correction | 59.32 5377 57.76 53.11 5833 5936 | 73.13 7030 71.65 7438 7297 73.78
w/o text 60.30 5441 58.53 5355 59.54 60.69 | 74.12 69.70 69.14 74.18 74.04  75.35
AML ‘ 62.74 58.26 61.87 57.35 62.06 62.60 ‘ 7532 7341 74.69 77.14 7526 75.66

Table 3: Ablation studies on the MIntRec2.0 and IEMOCAP-DA datasets.

previous state-of-the-art LGSRR by 2.28 percent-
age points on ACC, 2.91 points on F1, and 2.34
points on WF1, confirming that the text-anchored
asymmetric architecture effectively leverages non-
verbal evidence for fine-grained intent recognition.
AML also achieves consistent improvements on
IEMOCAP-DA, demonstrating that the asymmetric
design generalises across tasks of different granu-
larity.

Results on MIntRec2.0-OOD. Table 2 presents
the out-of-scope detection results on MIntRec2.0
under two settings: training without out-of-
scope samples and training with outlier exposure
(Hendrycks et al., 2019). AML achieves the best
performance across all evaluation columns in both
settings, confirming that the asymmetric architec-
ture extends naturally from in-scope classification
to joint out-of-scope detection.

4.4 Ablation Study

To better understand how each component of AML
contributes to its overall performance, we conduct
ablation experiments and report the results in Ta-
ble 3.

Effect of Residual Geometry Structuring. We
replace the Dirichlet evidential supervision with a
standard cross-entropy objective, which decreases
F1 by 2.39 points. This change is attributed to the
geometric role of evidential training: it structures
the text logits in a form that supports downstream
correction, whereas vanilla cross-entropy fails to
induce the same orthogonal geometry. When the
evidential supervision is active, the correction chan-
nel cleanly separates complementary nonverbal ev-
idence from redundant content that the text channel
already captures.

Effect of Hierarchical Modality Calibration.
We freeze the Hierarchical Modality Calibration
value at its empirical mean throughout training,

which leads to a 0.96-point decrease in ACC. The
decrease proves that the calibration provides essen-
tial gradient guidance during training: it aligns the
multimodal correction with the text channel’s pre-
diction direction for each utterance, which a fixed
value cannot reproduce.

Effect of Asymmetric Multimodal Disentangle-
ment. Asymmetric Multimodal Disentanglement
is the channel through which nonverbal evidence
enters the final prediction. As shown in Table 3,
restricting its magnitude yields a moderate drop,
whereas permuting its direction yields a substan-
tially larger drop on both datasets. Without a re-
liable direction, the multimodal correction can no
longer point the prediction to the correct alternative
class, indicating that direction is what carries the
nonverbal class signal. The multimodal correction
therefore identifies which alternative class to pro-
pose when the text channel is uncertain, rather than
reinforcing the existing text prediction.

Effect of Removing the Text Channel. In the
full architecture, the text prediction provides the
shared reference frame that enables RGS, HMC,
and AMD to function as a coherent decomposition
system. Without this reference frame, the nonver-
bal variant still reaches 60.30 ACC on MIntRec2.0
and 74.12 on IEMOCAP-DA, confirming that the
nonverbal features carry genuine discriminative ca-
pacity. The full AML substantially surpasses both
this variant and the text-only variant on all metrics,
confirming that the asymmetric decomposition gen-
erates value beyond what either modality provides
on its own.

4.5 Analysis of the Per-Sample Signal

When a prediction shifts away from what text alone
would predict, which component of the architec-
ture is actually responsible? Three components are
candidates: the text channel itself, the text-aligned
component inside the nonverbal correction, and the
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Figure 3: Class-level and sample-level effect of the nonverbal correction.

orthogonal residual that lies outside the text chan-
nel’s span. An algebraic answer is available before
any data is collected: the text-alignment coefficient
is empirically non-negative across every sample in
both datasets, so the multiplier in front of the text
channel is a strictly positive scalar that cannot alter
the predicted class. Only the orthogonal residual
has the algebraic freedom to change it.

Two matched tests confirm this prediction.
When the mixture weight is set so that the correc-
tion is disabled, the resulting prediction matches
the text-only floor utterance-by-utterance across
every seed on both datasets, not merely on average.
A per-sample shuffle of the orthogonal residual
at evaluation then drops accuracy substantially on
both benchmarks, while the identical permutation
applied to the text-alignment coefficient is statisti-
cally inert. The three views converge on the same
architectural site: the orthogonal residual is what
moves predictions; the text channel is anchored
and its scaling coefficient is structurally inert at
inference.

4.6 Geometric Decomposition of the
Correction

With the per-sample signal localised to the orthog-
onal residual, we ask what the residual itself con-
tains. The residual admits a further decomposition
along two geometric axes: a magnitude axis that
encodes how strongly the nonverbal features dis-
agree with text, and a direction axis that encodes
which alternative class they propose. We ablate the
two axes independently in Table 3. Restricting the
magnitude axis at training time causes a moderate
accuracy drop on both benchmarks. Destroying
the direction axis at evaluation by a per-sample

shuffle drops accuracy substantially more: roughly
three times the magnitude effect on MIntRec2.0
and clearly larger on IEMOCAP-DA. The nonver-
bal correction therefore behaves as a categorical
disambiguator — deciding which alternative class
to propose when text is uncertain — rather than as a
confidence amplifier of an already correct text pre-
diction. The latter role is precluded by construction:
the text-aligned component is argmax-invariant.

4.7 Fine-grained Analysis of the Correction’s
Effect

The asymmetric design predicts that the nonver-
bal correction should make a measurable differ-
ence only where the text channel alone is already
weak. We test this prediction along two comple-
mentary slices in Figure 3. At the class level, we
plot per-class F1 of AML against per-class F1 of
the text-only fall-back; AML matches or improves
text-only on 26 of 30 intent classes on MIntRec2.0
and on 9 of 12 dialogue acts on IEMOCAP-DA,
with the largest improvements concentrated on the
classes that are hardest for text alone. At the ut-
terance level, we stratify the test set by text-only
top-1 confidence and report the AML accuracy
gain within each quintile. The gain is heavily con-
centrated in the lowest-confidence quintile on both
benchmarks and generally decreases to near zero
on the highest-confidence utterances. The correc-
tion’s aggregate gain is therefore selective: it is
largest where text is uncertain and has no net accu-
racy gain in the highest-confidence quintile. This is
the behaviour the asymmetric architecture targets.
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5 Conclusion

In this paper, we propose AML (Asymmetric Mul-
timodal Learning) for multimodal intent recogni-
tion. AML positions text as the primary prediction
channel and nonverbal modalities as auxiliary cor-
rection, providing a principled resolution to the ten-
sion between exploiting multimodal evidence and
preserving the empirical dominance of text. This
asymmetric design restricts the nonverbal modality
to contributing complementary class information
rather than reinforcing the existing text prediction,
offering a sharper characterisation of the nonver-
bal role than symmetric fusion permits. Our work
not only demonstrates consistent state-of-the-art
performance on two multimodal intent recognition
benchmarks, but also carries significant implica-
tions for asymmetric architecture design wherever
one modality structurally dominates. We further
validate the generality of the asymmetric-fusion de-
sign on multimodal sentiment analysis benchmarks
in Appendix C.

Limitations

Despite the consistent improvements reported in
this work, several open questions remain for fu-
ture investigation. First, the benchmarks used in
our evaluation are all text-dominant: text is em-
pirically the strongest modality for predicting the
label, and our asymmetric framing is instantiated
around that structure. How an analogous asym-
metric architecture should be re-instantiated for
tasks with a different dominance pattern remains
an open question that we leave to future research.
Second, the proposed asymmetric framework for-
malises the interaction between text and the non-
verbal correction in a controlled geometric manner.
However, it does not fully account for the subtle
and context-dependent pragmatic cues that shape
intent in real-world conversations, where nonverbal
evidence carries substantially more noise than in
curated benchmarks.
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A Implementation and Dataset Details

Backbones and projection. For the text back-
bone we use BERT-large-uncased. For audio we
use WavLM-base with 768-d frame features mean-
pooled over the utterance, and for video Swin-
Transformer ROI features with 256-d. All three
modalities are projected to a common 512-d space
before fusion. The fusion backend is concatenation
followed by a two-layer MLP.

Optimisation. Both phases use AdamW for 20
epochs at batch size 64. The OOD experiments
follow the w/ 00S and w/o 00S protocols described
in Section 4.3.

Datasets. MIntRec2.0 (Zhang et al., 2024) pro-
vides 1,245 dialogues with 15,040 utterances anno-
tated to 30 fine-grained intent classes, split 7:1:1,
with approximately 9,300 in-scope and 5,700 out-
of-scope utterances; we treat each utterance as
single-turn for benchmarking. IEMOCAP-DA ex-
tends IEMOCAP (Busso et al., 2008) with 9,416
utterances labelled to 12 emotion-aware dialogue
acts; we follow the released train/dev/test split.
CMU-MOSI provides 2,199 YouTube monologues
split 1,284/229/686, and CMU-MOSEI (Zadeh
et al., 2018) provides 23,453 clips in the standard
MMSA-FET unaligned protocol (Mao et al., 2022)
with the official train/dev/test partition.

Hardware. All experiments were run on a single
NVIDIA RTX 5090 GPU.

B Orthogonal Residual Decomposition:
Derivations

This appendix derives the two ingredients of Sec-
tion 3.3 from first principles: the Dirichlet-cross-
entropy plus KL supervision used by Residual Ge-
ometry Structuring (RGS, §3.2), and the orthog-
onal decomposition ¢ = at + -y that gives rise
to Hierarchical Modality Calibration (HMC) and
Asymmetric Multimodal Disentanglement (AMD).

B.1 Dirichlet Cross-Entropy from the
Expected Log-Likelihood

Phase 1 treats the text prediction as a distribution
over the class-probability simplex rather than as
a point estimate. Given evidence e € Ré{o and
concentration agi, = e + 1, the simplex posterior
is p ~ Dir(auyi;). Taking the expected categorical
cross-entropy under this Dirichlet,

K K
Epwnn-(adir)[*z yk log pk] = Z Y (Y (S) = (adirk)),

k=1 k=1 (19)
where S = ), air 1, and we use the standard iden-
tity Epir(a) [log pk] = () —4(S). Equation 19
is exactly Lpcg; minimising it increases target-
class evidence relative to off-target evidence. The
KL term below separately suppresses unsupported
off-target evidence.

The KL term flattens off-target evidence. With
the flattened parameters &g, = ¥+ (1 — y) © augirs
the KL against a uniform Dirichlet has the closed
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Methods CMU-MOSI CMU-MOSEI
MAE| Corrt Acc-71  Acc-21 F11 MAE| Corr? Acc-71  Acc-27 F11

MulT 0.871 0.698 40.00 —/83.0 —/82.8 0.559 0.733 52.84 81.15/84.63 81.56/84.52
MISA 0.783 0.776 4230 81.80/83.40 81.70/83.60 | 0.555 0.756 52.20 83.60/85.50 83.80/85.30
Self-MM 0.708 0.796 46.67 83.44/85.46 83.36/85.43| 0.531 0.765 53.87 83.76/85.15 83.82/84.90
MMIM 0.700 0.800 46.65 84.14/86.06 84.00/85.98 | 0.526 0.772 54.24 82.24/85.97 82.66/85.94
FDMER 0.724 0.788 44.10 —/84.60 —/84.70 | 0.536 0.773 54.10 —/86.19 —1/85.80
ConFEDE 0.742  0.784 4227 84.17/85.52 84.13/85.52| 0.522 0.780 54.86 81.65/85.82 82.17/85.83
ALMT 0.683 0.805 49.42 84.55/86.43 84.57/86.47 | 0.526 0.779 54.28 84.78/86.79 85.19/86.86
HyDiscGAN | 0.749 0.782 43.20 84.10/86.70 83.70/86.30| 0.533 0.761 54.40 81.90/86.30 82.10/86.20
DEVA 0.737 0.787 46.32 84.40/86.29 84.48/86.31| 0.541 0.769 5226 83.26/86.13 82.93/86.21
AML (Ours) | 0.681 0.807 49.85 82.74/84.82 82.60/84.75 | 0.522 0.777 54.96 83.04/86.29 82.63/86.23

Table 4: Sentiment-analysis comparison on CMU-MOSI and CMU-MOSEI in the unaligned MMSA-FET protocol. Acc-2 / F1
dual values follow the standard MMSA has-zero / non-zero convention. Bold = column best, underline = column second-best.

form
KL(Dir(égs) || Dir(1)) = logI'(S) — log I'(K)
= log (@) + Y (Gatire—1) (¢ (Gatirs) —(S)),
k k

(20)
with S = >k Qdir,k- This term is zero iff the
off-target concentrations are all unity (no spurious
evidence) and grows monotonically with off-target
evidence. The combination of Equations 19-20
jointly supervises the shared text representation
and its two output heads during Phase 1 together
with the classification loss on ¢.

B.2 Uniqueness of the Orthogonal
Decomposition

Fix any non-zero text logit ¢ € R¥ and any correc-
tion ¢ € RX. The decomposition

<77 t> =0,

admits a unique solution. Taking the inner product
of Equation 21 with ¢ gives (c,t) = « (¢, t), hence
a = (c,t)/(t,t) and v = ¢ — at; uniqueness fol-
lows because ¢ /||t|| and the orthogonal complement
{t}* span RX as a direct sum. Both quantities are
obtained at inference by two inner products and a
subtraction, with no additional learnable parame-
ters in HMC—a property that the equation count
of Section 3.3 requires but does not derive.

c=at+ ", 21

B.3 ~ as the Sole Argmax-Shifting Channel
Substituting ¢ = at + -y into the final logits and
grouping the ¢-aligned terms gives
final(z) = [+ (1 —B)a] t + (1—8)7, (22)
——
p

with mixing S(z) € (0,1). When o > 0 the
scalar p = f+ (1 — B)a is strictly positive, and p ¢

preserves the argmax of ¢ because positive rescal-
ing preserves the coordinate ordering of a logit
vector. Therefore every change in the predicted
class § = arg maxy final(z) relative to the text
head’s prediction yt = argmaxy t; is induced
exclusively by (1 — 3)~. Specifically, for any non-
target class j # g, class j overtakes the text-head
winner iff

%=V > tog(tge —t5)- (23)

The right-hand side is the text head’s confidence
margin scaled by p/(1 — 3); the residual v must
exceed this margin in the same coordinate direction
for the multimodal prediction to diverge from the
text. HMC therefore plays a gating role (controlling
p and hence the margin to overcome), and AMD
plays a steering role (deciding through ~ where
the prediction moves). A second consequence is
that Equation 23 is asymmetric across classes when
t is not flat: easier flips correspond to lower text
margins. The inverse-entropy factor in Equation 16
gives greater regularisation weight to samples for
which the text prediction is more certain.

C Generalization to Multimodal
Sentiment Analysis

We validate the asymmetric-fusion thesis be-
yond intent recognition on the multimodal senti-
ment benchmarks CMU-MOSI and CMU-MOSEI
(Zadeh et al., 2018) in the unaligned variant of the
MMSA-FET protocol (Mao et al., 2022). For text
we use BERT-base-uncased, audio uses COVAREP
features, and visual uses Facet features, all from the
standard MMSA-FET unaligned_50.pkl split.
We follow the standard MMSA-FET regression
protocol and optimise a smooth-L; objective. Stan-
dard MMSA metrics are reported: MAE (lower is
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better), Pearson correlation, 7-way accuracy (Acc-
7), and 2-way accuracy / F1 in the has-zero (hO)
and non-zero (n0) conventions.

We compare against nine published baselines:
MulT (Tsai et al., 2019), MISA (Hazarika et al.,
2020), Self-MM (Yu et al., 2021), MMIM (Han
et al., 2021a), FDMER (Yang et al., 2022), Con-
FEDE (Yang et al., 2023), ALMT (Zhang et al.,
2023), HyDiscGAN (Wu et al., 2024), and DEVA
(Wu et al., 2025). Numbers for MulT, MISA,
Self-MM, ConFEDE, ALMT, and HyDiscGAN
are from MSAmba (He et al., 2025) Table 1, which
provides MMSA-FET-protocol-standardised repro-
ductions; MMIM is from the official MMSA-FET
result repository; FDMER and DEVA are from the
original papers.

Results are reported in Table 4. AML achieves
the best result on four metrics—MOSI MAE,
MOSI Corr, MOSI Acc-7, and MOSEI Acc-7—
and matches the best on MOSEI MAE. The MOSI
Acc-2 / F1 metrics sit at the third tier of the table;
this is a structural ceiling traced to the small MOSI
test set (686 samples, single-sample noise approxi-
mately 0.15pp), the small MOSI dev set (229 sam-
ples, making the per-seed boundary-threshold 7 too
noisy to transfer), and the low fraction of neutral
samples in MOSI (4.4%). The same factors do
not apply to MOSEI. The MOSI / MOSEI results
support the claim that the asymmetric-fusion de-
sign is not narrowly tailored to intent recognition
but generalises to other text-dominated multimodal
tasks.
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