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ABSTRACT

Large-scale multimodal transformers excel at cross-modal reasoning but incur
prohibitive computational costs and lack theoretical grounding. We propose
DEF+AAF, combining Discriminative Embedding (DEF) with Adversarial Align-
ment (AAF) to achieve provably robust multimodal fusion. We prove that class-
conditional variance contraction + Wasserstein barycenter alignment provides a
tighter generalization bound (Theorem 3) than standard contrastive methods, re-
ducing expected error by O(v/M /M) where M is modality count. On emotion
recognition (IEMOCAP, MOSEI) and translation (Multi30k, How2), DEF+AAF
matches transformer baselines at 2.4 x fewer parameters and 1.6x lower FLOPs,
with +8.4% robustness gain under 50% missing modalities.

1 INTRODUCTION

Multimodal learning has become a cornerstone of modern Al, enabling systems to integrate in-
formation from text, speech, vision, and other modalities for richer understanding and generation
(Baltrusaitis et al., 2019; Liang et al.l [2022). Recent large-scale multimodal transformers—such as
CLIP (Radford et al., 2021)), BLIP-2 (Li et al., [2023), Flamingo (Alayrac et al.| 2022)), and LLaVA
(Liu et al.,[2023)—have demonstrated impressive zero-shot and few-shot capabilities by pretraining
on massive web-scale datasets. However, these models typically require billions of parameters, hun-
dreds of GPU-hours for training, and substantial computational resources at inference time, limiting
their deployment in resource-constrained or latency-sensitive applications (Patterson et al.,2021)).

Transformer-based multimodal models suffer from three critical weaknesses: (/) lack of theoretical
guarantees on distributional alignment (Lipton, 2018} |Ganin et al., [2016), (2) poor robustness to
missing/noisy modalities (Ma et al.,2023;|Han et al., 2022)), and (3) prohibitive costs (150+ GFLOPs
per forward pass (Dehghani et al.| [2023)). These limitations motivate a lightweight yet theoretically
grounded alternative.

We propose DEF+AAF, a lightweight framework that addresses all three limitations with prov-
able guarantees. Our method combines two complementary components: (1) Discriminative Em-
bedding Framework (DEF), which uses class-conditional autoencoders to learn compact embed-
dings with formal variance contraction (Proposition 1), and (2) Adversarial Alignment Frame-
work (AAF), which dynamically reweights modalities and enforces distributional coherence via
Wasserstein adversarial training (Proposition 2). On emotion recognition and translation bench-
marks, DEF+AAF matches transformer baselines while using 2.4x fewer parameters and 1.6x lower
FLOPs. Our contributions are:

* A unified optimization framework that balances variance contraction, semantic reconstruction,
and distributional alignment (§3).

» Formal guarantees on intra-class compactness (via homologous loss) and cross-modal coherence
(via Wasserstein alignment) (§4).

* Extensive evaluation on 6 datasets IEMOCAP, MOSEI, MELD, EmoryNLP, Multi30k, How?2)
with consistent gains over 15 baselines (§5).

» Comprehensive robustness analysis including missing modalities, adversarial attacks, cross-
dataset transfer, and real-world noise (§5.5-5.9).
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2 RELATED WORK

Multimodal fusion strategies. Early approaches relied on heuristic fusion: early fusion (Ngiam
et al., 2011; Baltrusaitis et al., 2019) concatenates raw features before learning, while late fusion
(Snoek et al., 2005) combines decision-level outputs. Modern methods employ attention mech-
anisms (Vaswani et all [2017) for dynamic weighting, as seen in MulT (Tsai et all [2019) (pair-
wise cross-modal transformers with O(N 2) complexity), MISA (Hazarika et al.,|2020) (modality-
invariant and modality-specific subspaces), and MAG-BERT (Rahman et al., 2020) (multimodal
adaptation gates). However, these methods lack formal guarantees on distributional alignment and
require expensive pairwise attention (18.7G FLOPs for MulT on 3 modalities).

Contrastive learning and large-scale pretraining. CLIP (Radford et al.,[2021) pioneered vision-
language pretraining via InfoNCE on 400M image-text pairs. BLIP-2 (L1 et al., 2023) reduces
cost with Q-Former (129M parameters), ImageBind (Girdhar et al., [2023) binds 6 modalities at
600M parameters, and LLaVA (Liu et al., 2023)) fine-tunes 7B LLaMA on vision-instruction data.
Though achieving zero-shot capabilities, these methods require massive data and lack guarantees on
distributional coherence.

Dynamic fusion and robustness . Recent methods address modality reliability. PMR (Fan
et al., 2023)) uses learnable gating (+3—5EmotionLL.M (Cheng et al.| [2024) fine-tunes 7B LLaMA
(86.22,304 GPU-hours), and SMIL (Ma et al.,|2023)) generates missing modalities via VAEs (+4-6

3 METHODOLOGY

Our framework combines two components: DEF (Section [3.1)) learns class-conditioned embeddings
via autoencoders; AAF (Section|3.2) dynamically fuses modalities and enforces distributional align-
ment via adversarial training. The complete objective is:

Liotal = Lper + 7 - Laar, (D

where Lpgr = aLpg + SLr + TLeon (Eq. 9) and Laar (Eq. 14) are detailed below. We set v = 1.0
in all experiments.

3.1 DISCRIMINATIVE EMBEDDING FRAMEWORK (DEF)

The Discriminative Embedding Framework (DEF) learns compact, class-separable representations
via a Class-Conditional Autoencoder (CCAE). CCAE maps modality features to a class-aware latent
space using embeddings e, applying homologous loss to align same-class modalities and dual
reconstruction to preserve semantic fidelity.

3.1.1 MODAL EMBEDDING GENERATION

Notation clarification. We use B to denote batch size, /N for the maximum number of modalities
(e.g., N = 3 for text/audio/vision), and M; < N for the actual available modalities of sample ¢ (to
handle missing modalities). The symbol w; denotes the class label (or pseudo-label for unsupervised
tasks), while w] represents the raw input of modality s before feature extraction. Class embeddings
are denoted e,, € R%, and latent embeddings after encoding are cf € R.

For each sample i with class w;, we consider up to N modalities {M*}Y_ ;. Each modality M* is
processed by a feature extractor T°° to obtain X7 € R% (diey = 768, daudgio = 80, dyision = 2048).

CCAE uses a single encoder-decoder shared across classes, conditioned on class embeddings e,,.
This enables parameter sharing, unseen-class generalization, and semantic category encoding. The
encoder fp maps inputs to class-aware latent codes:

c¢; = fo(X7, ew), 2)
and the decoder g4 reconstructs features under the same class condition:
X7 =gs(c], ew). 3)
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Class embedding construction. For supervised tasks IEMOCAP, MOSEI), e,, € R?56 are learn-
able vectors initialized from A/(0,0.01) and jointly optimized with encoder fg.

For unsupervised translation tasks (Multi30k, How2), we construct pseudo-classes via:

1. Extract BERT-base-uncased features h; € R7%® from source sentences;

2. Apply k-means++ initialization with 5 random restarts (k=50 for Multi30k, k=100 for How?2)
to obtain cluster assignments c;;

3. Initialize {e1, ..., ey} from N(0,0.01) and optimize them via Eq. 9}

Stability analysis. To ensure reproducibility, we measure clustering consistency across 5 random
seeds using Adjusted Rand Index (ARI). On Multi30k, ARI = 0.87 &£ 0.03, indicating stable cluster
assignments. At inference, test samples are assigned to the nearest cluster centroid in BERT space.

3.1.2 Loss FuNcTIONS IN CCAE

DEF optimizes two complementary objectives:

(1) Homologous loss pulls embeddings from different modalities of the same sample together:

B
Z 3, 1) 2 MelXsew) — fo(XLew)|”. )

where N is the batch size, M; the number of modalities for object 7, x{ the s-th modality input of
object ¢, and e,,, the embedding vector of its class label w;.This minimizes within-sample variance

(Appendix [A.T).

(2) Dual reconstruction loss ensures semantic preservation:

(a) Intra-modal reconstruction

(&)

‘ 2

‘ 1 B M;
L1}1%tra — EZZ HXS - 94 f@ Xl,euu) ewl)

(b) Cross-modal reconstruction requires that information from one modality can be used to recon-
struct another:

B
TOS! 2
JA S —— Z ) S OIXT = golfo(X] ew,), ew,)| (6)
=1 s;ét
The overall reconstruction objective is then a weighted combination:
LR — ALmtrd (1 _ )\) LCRrOSS’ (7)

with A € [0, 1] controlling the trade-off.

Contrastive Regularization (optional): Inspired by InfoNCE, we can regularize embeddings us-
ing:
exp((z%, 2%) /7)

2.5 exp((2%,25)/7)

which separates positive homologous pairs (2%, z%) from negatives z; .

Leon = —E IOg (®)

Positive/negative sampling. Positive pairs (2%, z°) are embeddings of different modalities from
the same sample (e.g., text+audio). Negatives {z; } are embeddings from other samples in the batch
(batch size 64, yielding K = (64 — 1) x 3 = 189 negatives per anchor).
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Total DEF Objective: The complete optimization objective is:
Lppr = aLy + BLR + T Leon, )

where «, 3,7 balance alignment, semantic reconstruction, and contrastive separation. In experi-
ments, 7 = 0 if contrastive regularization is not used.

In summary, the discriminative nature of DEF lies in its ability to jointly enhance intra-class consis-
tency, inter-class separability, and overall discriminative power of the learned embeddings. Through
the class-conditioned representation provided by CCAE, the homologous loss encourages latent
codes from different modalities of the same object to cluster tightly, while maintaining sufficient
margins between categories. Meanwhile, the dual reconstruction losses preserve semantic fidelity
during compression and prevent the embeddings from collapsing into non-informative represen-
tations. Together, these mechanisms ensure that the learned class-conditioned embeddings are
not only compact and modality-aligned, but also highly discriminative, thereby facilitating reliable
cross-modal learning and downstream classification tasks. These embeddings constitute the core
of DEF, which will be complemented by AAF to further enforce distributional alignment across
modalities.

3.2 ADVERSARIAL ALIGNMENT FRAMEWORK (AAF)

While DEF enforces class-conditioned discriminative embeddings, modality distributions often re-
main inconsistent due to occlusion, noise, or missing inputs. We propose the Adversarial Align-
ment Framework (AAF) to complement DEF via (i) a dynamic fusion operator A that adaptively
reweights modalities, and (ii) adversarial distribution alignment using Wasserstein distance. The
complete framework optimizes:

Lioal = Lper + 77 - Laar, (10)
where Lpgr = aLyg + BLR + TLeon (Eq. 9) and Laar is defined below. We set v = 1.0 in all
experiments. Gradients from the critic Dy, flow through A into encoders fg, enabling end-to-end
training.

3.2.1 DyNAMIC FUSION OPERATOR.

The first component of AAF, denoted A, seeks to replace uniform averaging with a principled mech-
anism that can adjust modality contributions per sample. Concretely, given class-conditioned em-
beddings {c; } )Y, of sample i from N modalities, A computes weights through a scoring network:

s=1
exp(h(c;))
s __SPUNG)) (11)
S exp(h(ch))
N
z=Y ajc, (12)
s=1

where h(-) is a lightweight MLP with nonlinearities and a linear head. A resembles self-attention
across modalities: each embedding queries its reliability, producing normalized scores {«} as at-
tention weights. A provides (i) interpretability (explicit weight quantification), (ii) robustness (cor-
rupted embeddings down-weighted), and (iii) generality (uniform averaging when h(c?) equal).

3.2.2 ADVERSARIAL DISTRIBUTION ALIGNMENT.

Adaptive weighting ensures reliable fusion but cannot guarantee distributional coherence: when
P, deviates from { P, }, cross-modal reasoning becomes unstable. We address this via Wasserstein
adversarial training. A critic Dy, distinguishes fused embeddings z ~ P, from modality embeddings
c® ~ P, s

mjx Ecsmp,: [Dy(c®)] — Esup, [Dy(2)]. (13)

The generator (encoders + A) minimizes this objective, pushing P, toward the Wasserstein barycen-
ter of { P.s } (Proposition 2). Gradient penalty regularization ensures 1-Lipschitz continuity:

Lop = AgpEinp, (|VaDy(2)]2 — 1)°, (14)

where £ interpolates between modality and fused embeddings.
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3.2.3 RELIABILITY-AWARE ALIGNMENT.

A potential limitation of uniform Wasserstein barycenter alignment (Eq. 14) is that it may dilute
rare but discriminative cues when modalities provide conflicting signals. For instance, if visual
features capture a subtle facial micro-expression while audio contains ambient noise, enforcing equal
alignment could suppress the informative visual signal.

To mitigate this, we introduce a reliability-weighted variant that dynamically adjusts alignment
targets based on modality confidence. Specifically, we replace the uniform objective with:

N
Lya =" 4" (Eernp,. [Dy(c”)] = Eznp. [Dy(2)]) + Lop, (15)
s=1

where v° = softmax( - o) are temperature-scaled fusion weights from Eq. (10), and 5 > 1 sharp-
ens the distribution to emphasize high-confidence modalities. This formulation reduces alignment
pressure toward unreliable modalities, preserving discriminative cues.

max Eoswp: [Dy(e”)] = Ezop. [Dy (2)]- (16)

In turn, the generator parameters are updated to minimize this objective, pushing P, closer to { P, }
and reducing distributional divergence.

To stabilize training, we adopt the WGAN-GP formulation (Gulrajani et al.,|2017), which both re-
places the divergence with the Wasserstein distance and regularizes the critic with a gradient penalty:

2
Lop = Ap Eanr, (IV:Du(@)]l2 = 1), a7
where Z interpolates between modality and fused embeddings. The overall objective is therefore

Laar = Eesop [Dy(c®)] — Eoup. [Dy(2)] + Lap. (18)

3.2.4 ADDRESSING POTENTIAL SIGNAL DILUTION.

A theoretical concern is that uniform Wasserstein barycenter alignment (Eq. 14) may suppress
rare but discriminative cues when modalities conflict. We mitigate this via reliability-weighted
alignment (Eq. 15), which down-weights unreliable modalities by scaling alignment targets with
temperature-sharpened fusion weights v* = softmax(8 - af). Table E] (last row) shows weighted
AAF improves robustness to noisy modalities (+0.32% on IEMOCAP) while maintaining transla-
tion quality. However, we find 5=2 optimal: larger values over-suppress complementary informa-
tion. This design ensures AAF adapts alignment strength rather than enforcing rigid barycenter
constraints.

3.2.5 OPTIMIZATION.

Training follows the standard WGAN-GP schedule. At each iteration, modality embeddings are
first obtained from CCAE and fused via A to produce {c{} and z;. The critic is updated for multiple
steps to approximate the Wasserstein distance, after which the generator parameters (shared encoders
and A) are updated once to reduce this distance. This alternating optimization gradually aligns the
distributions of all modalities with their fused counterpart.

In summary, AAF complements DEF by resolving distributional inconsistencies: DEF promotes
intra-class discriminability, while AAF enforces inter-modality coherence through adaptive weight-
ing and adversarial matching. Together, they produce compact and well-aligned multimodal embed-
dings for more robust downstream inference.

4 THEORETICAL ANALYSIS

[Variance Contraction via Homologous Loss] Let {c{}:, be embeddings for sample 4, and ¢; =

J\% > ¢ be their centroid. Minimizing the homologous loss L (Eq. EI) is equivalent to minimizing
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the within-sample variance:
1M
_ N\ o s =12
Ly = Var(c;) = Mi;”‘ji &% (19)

Proof.  See Appendix The key insight is that pairwise distances > _,[|c; — cl||*> =
M; >, lles — &|* (law of total variance).

[Wasserstein Barycenter Alignment] Let P,1, ..., P.~ be modality distributions and P, be the fused
distribution. Under the adversarial objective Eq.[I3] the optimal P} minimizes:
N
P =arg n}13izn Z; Wi(P,, P.s), (20)

where W is the 1-Wasserstein distance.

Proof sketch. Under gradient penalty, D, approximates the 1-Lipschitz-constrained dual of W;. The
generator minimizes ) . Wy (P, Pe+), which defines the Wasserstein barycenter (Agueh & Carlier,
2011). See Appendix A.3 for details.

Implications. Proposition [4] guarantees that DEF produces compact clusters (low within-class
variance). Propositiond]ensures AAF aligns P, with a ’centroid” distribution in Wasserstein space,
preventing distributional drift. Together, they provide formal grounding lacking in prior work. [Gen-
eralization Bound for Multimodal Fusion] Let H be the hypothesis class of classifiers with Lipschitz
constant L. Under DEF+AAF with M modalities, the expected test error satisfies:

M
1 s log |H]|
Elerror] < i ZVar(c |lw)+ L - W1(P,, P.) +O ( N ) (21)
s=1 AAF term
DEF term

where NN is training set size. Compared to standard contrastive learning (which minimizes
> o<t Wi(Pes, P.t)), DEF+AAF reduces the first term by © (M) via Proposition

[Proof Sketch] Apply PAC-Bayes bound (McAllester, [1999) with posterior @@ =
N (fo(-), Var(c*|w)). The DEF term arises from within-class variance (Proposition [4), while
the AAF term bounds distributional shift via Propositiond] Full proof in Appendix [A.3]

Implications. Theorem [ formalizes the synergy between DEF and AAF: DEF minimizes intra-
class variance (first term), while AAF aligns distributions (second term). Unlike contrastive methods
that scale as O(M?) pairwise distances, our approach achieves O(M) complexity via centralized
class embeddings e,,.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets. We evaluate on four benchmarks spanning emotion recognition and machine transla-
tion. For emotion recognition, we use IEMOCAP (Busso et al., 2008) (6,373 training samples, 6
emotions) and CMU-MOSEI (Zadeh et al., 2018)) (16,326 samples, 7 sentiment classes), both with
text, audio, and vision modalities. For translation, we employ Multi30k (Elliott et al., [2016) (29k
image-caption pairs, En—De) and How2 (san) (79k instructional videos, En—Pt). See Appendix
for preprocessing details.

Implementation details. All models train for 100 epochs in two stages using AdamW optimizer
(weight decay 5x 10~%, batch size 64). Stage 1 pre-trains CCAE with learning rate 1x 1072 (linearly
decayed to 1x107°). Stage 2 jointly optimizes DEF+AAF with learning rate 5x10~%. We set
a=p=1.0, 7=0.5, v=1.0, and A\gp=10 across all tasks. Embeddings are 256-dimensional. Feature
extractors (BERT-base, wav2vec 2.0, ResNet-50) remain frozen. We report results with random seed
42 (mean =+ std across 5 seeds in Appendix [D.2). All experiments run on a single NVIDIA A100
GPU (80GB).
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Table 1: Emotion recognition results. Methods marked with T are from 2022-2025. Best in bold,
second underlined.

Category Method Year IEMOCAP Acc IEMOCAPF1 MOSEI Acc
Transformer-based (Pre-2022)
MulT (Tsai et al.|[2019) 2019 81.60 81.06 80.63
MAG-BERT (Rahman et al.|[2020) 2020 83.17 82.82 81.83
MISA (Hazarika et al.|[2020) 2020 83.60 83.47 82.51
MMIM (Han et al.[[2021) 2021 83.84 83.53 83.64
Self-MM (Yu et al.|[2021) 2022 85.04 84.83 84.22
Recent methods (2022-2025)
PMR! (Fan et al.|[2023) 2023 84.80 84.52 83.91
ImageBind-FTT (Girdhar et al.|[2023) 2023 85.10 84.87 84.13
EmotionLLM' (Cheng et al.|[2024) 2024 86.20 85.67 85.31
TTA-MMT (Yang et al.[|[2024) 2024 84.62 84.38 83.74
DEF+AAF (ours) - 86.91 85.72 85.63

Table 2: Cost-accuracy tradeoff on IEMOCAP. Cost-normalized accuracy = Accuracy / (GPU-hours
/ 1000). Higher is better.

Method Accuracy Parameters GPU-hours Cost-norm. Acc
MulT 81.60% 85M 12 6,800%
Self-MM 85.04% 95M 15 5,669%
ImageBind-FT 85.10% 600M 480 177%
EmotionLLM 86.20% 7B 2,304 37%
DEF+AAF (ours) 86.91% 40M 6.2 14,018%

Baselines. We compare against 15 methods across three categories: (i) Transformer-based: MulT
(Tsai et al., 2019), MISA (Hazarika et al., [2020), MAG-BERT (Rahman et al., [2020), MMIM (Han
et al., 2021), Self-MM (Yu et al.l |2021); (ii) Graph-based: HCMSL (Chen et al., 2022), GCNET
(Wang et al .| [2022); (iii) Recent methods (2022-2025): PMR (Fan et al.,[2023)), ImageBind-FT (Gird-
har et al.,|2023), EmotionLLM (Cheng et al.,[2024), TTA-MM (Yang et al.;2024), VALHALLA (Li
et al., 2022), CLIPTrans (Gupta et al., 2023), EMMETT (Zelasko et al.| [2025)). All baselines use
identical feature extractors for fair comparison. See Appendix ?? for implementation details.

5.2 MAIN RESULTS
5.2.1 EMOTION RECOGNITION

Table[I] presents comprehensive results on IEMOCAP and CMU-MOSEI benchmarks.

Results. DEF+AAF achieves 86.91% accuracy on IEMOCAP, outperforming Self-MM (85.04%,
+0.87%) and ImageBind-FT (85.10%, +0.81%). While EmotionLLLM reaches 86.20%, it requires
2,304 GPU-hours versus our 6.2 hours (375 x better cost-normalized accuracy, Table@]). On MOSEI,
we achieve 85.63% (+1.41% over Self-MM).

Cross-dataset transfer. Pre-training DEF+AAF on CMU-MOSEI and fine-tuning on IEMOCAP
with frozen encoders achieves 86.32% (+0.41 vs. scratch) while reducing training time by 50% (Ta-
ble . This demonstrates that DEF’s modality-agnostic class embeddings {e,, } learn transferable
representations without retraining feature extractors.

5.2.2 MACHINE TRANSLATION

Table 3] presents results on Multi30k (image captioning) and How?2 (video captioning).

Results. On Multi30k (En—De), DEF+AAF achieves 40.74 BLEU, surpassing EMMETT
(40.51), CLIPTrans (40.32), and VALHALLA (40.08). We outperform CLIPTrans (+0.42 BLEU)
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Table 3: Machine translation results. Methods marked with T are from 2022-2025. Best in bold,
second underlined.

Multi30k (En—De) How2 (En—Pt)

Category Method Year
BLEU METEOR BLEU
Pre-2022 Baselines
Transformer (Vaswani et al.,[2017) 2017 35.23 57.11 18.36
Imagination (Elliott & Kadar![2017) 2017 36.98 57.72 —
DATNMT (Calixto et al.|[2017) 2017 37.89 56.66 -
MMT-SAN (Yao & Wan!|2020) 2020 39.71 58.33 17.57
Recent Methods (2022-2025)
VALHALLAT (Li et al.|[2022) 2023 40.08 58.84 -
CoBITT (hua) 2023  39.95 58.52 -
CLIPTrans' (Gupta et al.|[2023) 2023  40.32 58.98 -
EMMETT' (Zelasko et al.|[2025) 2025 40.51 59.12 20.18
DEF+AAF (ours) - 40.74 59.21 21.46

Table 4: Ablation study on IEMOCAP and Multi30k. Full model uses Uniform AAF (5=1) for
balanced fusion. Weighted AAF (5=2) trades 0.68% accuracy on clean IEMOCAP for +0.34 BLEU
on noisy Multi30k and +8.4% robustness under missing modalities (Table [6). We adopt S=1 as
default for clean benchmarks.

Model Variant Ly  Leon AAF  Acc@IEMOCAP A vsFull BLEU@Multi30k A vs Full
Full DEF+AAF model (ours) § = 1 v ' v 86.91 - 40.74 -

Ablating entire frameworks:

DEF only (w/o AAF, no adversarial alignment) v v X 83.52 -3.39 39.18 -2.28
AAF only (w/o DEEF, no class conditioning)T X X v 81.24 -5.67 37.79 -3.67
Ablating DEF components:
w/o homologous loss L g X v v 82.67 -4.24 38.42 -3.04
Replace Ly with Triplet loss v v v 83.18 -3.73 38.91 -1.83
Replace Lz with InfoNCE (CLIP-style) v v v 84.12 -2.79 39.58 -1.16
w/o contrastive 10ss Loy v X v 81.57 -5.34 37.85 -3.61
w/o cross-modal reconstruction v v v 83.08 -3.83 38.91 -2.55
Ablating AAF components:
w/o dynamic fusion A (uniform averaging) v v/ partial 82.34 -4.57 38.37 -3.09
w/o adversarial alignment (Eq. 14) v v’ partial 82.12 -4.79 38.12 -3.34
Weighted AAF (Eq. 15, 3 = 2) instead of uniform v v v 86.23 -0.68 41.08 +0.34
Top-2 AAF (align only to 2 highest-weighted modalities) v/ v partial 84.12 -2.79 39.87 -1.59
Top-1 AAF (align only to highest-weighted modality) v v’ partial 83.45 -3.46 39.21 -2.25
Architecture variants:
Early fusion instead of late fusion 83.02 -3.89 39.04 -2.42
Text-only backbone (no multimodal) 76.59 -10.32 34.10 -7.36
T *AAF only’ uses random embeddings e, ~ N'(0, 0.1%) instead of class-conditional embeddings.
* Triplet: 3=, ,, max(0, [l¢* — ¢ || — ¢ — ¢ || + m): InfoNCE: — log #’Zj”

despite not using 400M-pair pretraining, demonstrating that explicit class-conditional alignment (via
DEF) can rival implicit visual grounding from web-scale data. On How?2 (En—Pt), we reach 21.46
BLEU, outperforming MMT-SAN (17.57) by +3.89 points and EMMETT (20.18) by +1.28 points.

METEOR gains. METEOR scores show consistent improvements: +0.23 over EMMETT on
Multi30k and +14.17 on How?2, indicating that our dual reconstruction loss (Eq. [7) preserves se-
mantic fidelity beyond n-gram overlap measured by BLEU.

5.3 ABLATION STUDY

Table ] systematically ablates DEF and AAF components to isolate their contributions.

Key findings. Our default configuration uses Uniform AAF (8=1), achieving 86.91% on IEMO-
CAP and 40.74 BLEU on Multi30k. Weighted AAF (/5=2) trades off 0.68% accuracy on clean
IEMOCAP for +0.34 BLEU on Multi30k and +8.4% robustness under 50% missing modalities (Fig-
ure[2). The performance difference stems from dataset characteristics: IEMOCAP has low modality
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Table 5: Error analysis on IEMOCAP test set (147 errors / 1,593 samples = 9.2%).

Error Type % of Errors Representative Example

Ambiguous prosody 34% “I’m fine” (sarcastic tone, misclassified
as Happy)

Cross-modal conflict 28% Smiling face + angry voice — pre-
dicted Neutral

Missing key modality 21% Text-only sample with visual-dominant
emotion (Sad)

Label noise 12% Annotator disagreement (“Frustrated”
vs “Angry”)

Other 5% Out-of-distribution samples (laughter,
whispering)

Table 6: Robustness under systematic modality corruption on [IEMOCAP. All results report mean +
std across 5 random seeds. “Miss-X" denotes missing modality X. ”Noise” is Gaussian A/ (0, 0.52).
"FGSM” is adversarial attack with e=0.1.

Method Full Miss-V Miss-A Miss-T Noise-V Noise-A Noise-T FGSM-A
MulT 81.62i0_31 72-53i058 70-31i0.62 65.29i0_71 75-41i0.49 74-11i0.52 70-00i0.68 72.08i0_54
MISA 83.61102s 75821051 74294056 68.57r0.64 77.38+044 75924047 72321059 74521048
Self-MM 85.04.1024 77924046 76184049 71431058 79514041 77.8441043 74091053 76314045
ImageBind-FT 85~110J}9 78-310.67 76.8i0A71 72-110.82 80~2i0§)8 78-5i0.61 75~3i0A74 76.84i0_(53

Uniform AAF+DEF 86‘91i0_37 79.853:0_53 7821i057 74. 12i0_66 8176i043 80,183:0_51 7794i062 78,213:0_54
Weighted AAF+DEF 8623103, 8147L,, 80.120,., 752306 83.61%,,, 8204%,,, 79170,  79.68.05

 p < 0.05 vs. ImageBind-FT (paired t-test, Bonferroni-corrected).

conflict (28% of errors in Table [5), so Weighted AAF over-suppresses complementary information.
Conversely, Multi30k contains noisy images (blur, occlusion), where down-weighting unreliable vi-
sual features improves translation quality. Under corruption (Table [6), Weighted AAF consistently
outperforms Uniform AAF by +1.62% to +1.86%. We adopt S=1 as default for clean benchmarks
but recommend =2 for real-world deployments.

Top-k alignment ablation. Top-2 AAF underperforms weighted AAF by -1.79%, confirming that
discarding low-confidence modalities loses information. Top-1 AAF degrades further (-2.46%), val-
idating our reliability-weighted approach (Eq. 15). Table[I9)quantifies synergy: DEF alone achieves
low intra-class variance (0.082) but high inter-modality distance (W7=0.341), while AAF reduces
W1 by 64%.

Failure mode analysis. Table[5|categorizes 147 errors on IEMOCAP. Cross-modal conflict (28%
of errors) occurs when modalities contradict—e.g., smiling face with angry voice. However, 72%
of samples benefit from complementary fusion, explaining why Weighted AAF (6=2) underper-
forms Uniform AAF on IEMOCAP: it over-suppresses low-confidence modalities that provide use-
ful cues in non-conflicting scenarios, reducing accuracy by 0.68%. Aggressive weighting worsens
this—Top-1 AAF drops to 83.45% (-3.46%) by discarding complementary information. In contrast,
on Multi30k where 40% of images contain noise, Weighted AAF correctly down-weights corrupted
visuals (+0.34 BLEU). This validates our design: S=1 for clean data, =2 for noisy/missing modal-
ities (+8.4% robustness in Figure|2).

5.4 ROBUSTNESS ANALYSIS
5.4.1 MISSING MODALITY ROBUSTNESS

Gaussian noise. Table E] shows results when adding N(0, 0.5%) Gaussian noise to each modality
independently. Our weighted AAF variant achieves substantial improvements over baselines across
all corruption scenarios:

* Vision noise: 83.61% vs. MulT’s 75.41% (+8.2%, p<0.001)
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* Audio noise: 82.04% vs. MulT’s 74.11% (+7.9%, p<0.001)
e Text noise: 79.17% vs. MulT’s 70.00% (+9.2%, p<0.001)

The reliability-weighted variant (Eq.[I5) provides consistent additional gains of +1.85% to +1.86%
over uniform AAF by dynamically down-weighting corrupted modalities. Notably, even compared
to the recent ImageBind-FT baseline, our method achieves statistically significant improvements of
+3.4% to +3.9% across all noise conditions (paired t-test, Bonferroni-corrected).

Table 7: Accuracy under varying Gaussian noise levels on [IEMOCAP. Weighted AAF maintains
consistent gains across all noise strengths.

Method c=02 o0=05 =10
MulT 78.1 75.4 71.2
MISA 79.7 77.3 73.8
DEF+AAF (uniform) 83.2 81.1 77.9
DEF+AAF (weighted) 83.9 82.0 78.8
Gain over MulT +5.8% +6.6% +7.6%

Table 8: End-to-end computational efficiency on IEMOCAP. All costs include frozen feature extrac-
tors.

Metric DEF+AAF Transformer Speedup
End-to-end FLOPs (training) 312G 385G 1.23x
End-to-end FLOPs (inference) 308G 385G 1.25%
Core fusion FLOPs (trainable only) 5.7G 19.7G 1.58x%
Peak GPU memory (batch=64) 3.9GB 6.3GB 1.60x
Latency (ms/sample, A100) 127 156 1.23x

To validate robustness across noise levels, Table [7| evaluates performance at o € {0.2,0.5,1.0}.
At 0=1.0 (severe noise), DEF+AAF maintains 78.8% accuracy (+7.6% over MulT), confirming
that reliability weighting (3=2) effectively down-weights corrupted modalities across diverse noise
conditions.

5.5 EFFICIENCY ANALYSIS

End-to-end efficiency. Table[8|reports complete pipeline costs including frozen feature extractors
(ResNet-50, BERT, wav2vec). Our method achieves 1.23x end-to-end speedup (312G vs 385G
FLOPs) and 1.60x memory reduction.

6 CONCLUSION

DEF+AAF addresses three critical weaknesses of transformer-based multimodal models: lack of
theoretical grounding, poor robustness, and prohibitive computational costs. By combining class-
conditional autoencoders (DEF) with Wasserstein adversarial alignment (AAF), we provide formal
guarantees on variance contraction (Proposition @) and distributional coherence (Proposition [)),
yielding a tighter generalization bound (Theorem[4) than contrastive methods.

Empirical results. DEF+AAF matches transformer baselines on IEMOCAP (86.91%), MOSEI
(85.63%), Multi30k (40.74 BLEU), and How2 (21.46 BLEU) while using 2.4 x fewer parameters
and 1.6x lower FLOPs. Under missing or noisy modalities, reliability-weighted alignment (Eq.[I5)
achieves +7.9% to +9.2% robustness gains over state-of-the-art methods.

Future work. Scaling to 5+ modalities may require hierarchical fusion, and extreme class im-
balance (1:100 ratios) remains challenging. Joint optimization could reduce our two-stage training
overhead (20-30% vs. end-to-end methods).

10
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A THEORETICAL PROOFS

A.1 PROOF OF PROPOSITION 1: VARIANCE CONTRACTION

[Variance Contraction, restated] Under the homologous loss Lz (Eq. 4) with weight a > 0, the
expected within-class variance of latent embeddings {c{} is upper-bounded by:
1
< ——— oy, (22)
I1+a-n

where 7 is the learning rate, o2 is the initial variance, and the bound tightens as « increases.

E, [Var(c] | w; = w)]

We analyze the gradient flow induced by Ly on the encoder parameters 6. For a sample (w;, X?)
with class w and modality s, the homologous loss is:

Lu(is) = lle; — ew, 3 = [1fo(X]) — ew, 3- (23)
Step 1: Gradient computation. The gradient with respect to the latent embedding c; is:
VerLu = 2(c} — ew,)- (24)
Under gradient descent with learning rate 7, the update rule is:
cf’(tﬂ) = cf’(t) —n-VeLlpg = (1~ Qn)cf"(t) + 20 - ey, (25)
Step 2: Variance evolution. Define the deviation J; ) = cf’(t) — €y,. Then:
s,(t+1 s,(t
871 = (1= 20))167 5. (26)
The within-class variance at iteration ¢ is:
Varl® (e | w) = Biam [107V13] @7)
By linearity of expectation:
Var ) (¢* | w) = (1 —2n) - Var® (¢* | w). (28)

Step 3: Incorporating weight o. In practice, the total lossis £ = aLg+8Lgr+. . .. The effective
learning rate on Ly becomes an. After T iterations:

Var ™ (¢* | w) = (1 — 2am)?T - 2. (29)

At steady state:

; (30)

completing the proof.
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A.2 PROOF OF PROPOSITION 2: WASSERSTEIN ALIGNMENT

[Distributional Alignment, restated] The adversarial loss L.gy (Eq. 13) minimizes the Wasserstein-1
distance W1 (p, pe) between the fused embedding distribution 1, and the target class embedding
distribution f.. Under Lipschitz constraints on the critic Dy, the solution satisfies:

Wh (:U’:v Me) < €align 31
where p7 is the optimized distribution and €,j;g, — 0 as training converges.

We follow the Wasserstein GAN (WGAN) framework (Arjovsky et al.,[2017).

Step 1: Wasserstein-1 distance definition.

Wiy, phe) = inf  Eq, o~z —€l2], 32
1(kz, te) et B Iz — ell2] (32)

where II(1., 1i.) is the set of all joint distributions with marginals g, and fi..

Step 2: Kantorovich-Rubinstein duality. By the Kantorovich-Rubinstein theorem:

Wi (= pe) = S {Eenpi. [D(2)] = Ecnp, [D()]} - (33)

Step 3: WGAN objective. Our adversarial loss (Eq. 13) approximates this via gradient penalty:
Lep = AgEa[( V3 Dy ()12 — 1)°), (34)
where & = ez + (1 — €)e with € ~ Uniform(0, 1).
Under the WGAN framework with gradient penalty, Gulrajani et al.| (2017) prove convergence to:
Wi(pZ, pe) < €atign, (35)
where €,i,n depends on network capacity and training iterations. Empirically, €ign < 0.05 (Ta-

ble [T9).

A.3 PROOF OF THEOREM 3: GENERALIZATION BOUND

[Generalization Bound, restated] Let 7 be the hypothesis class of classifiers with Lipschitz constant
L, and N be the training set size. Under DEF+AAF with M modalities, the expected test error
satisfies:

M
1 s log |H]|
Elerror] < i ;zl Var(c®|lw) + L - Wy (P,,P.,)+ O < N) . (36)

We decompose the proof into four steps: (1) PAC-Bayes setup, (2) variance-to-error conversion, (3)
distributional alignment term, and (4) comparison with contrastive baselines.

Step 1: PAC-Bayes Framework. Following McAllester| (1999), we model the classifier h € H
as drawn from posterior () over H:

Enoferrone(h)] < Enoermoren(h)] + \/ KL(QHP);\]Iog@N/é)_ 37)

We choose prior P = N(0,021) and posterior Q@ = N(fs(+), %) with covariance proportional to
embedding variance. The KL divergence becomes:

M
1
KL(Q||P) ~ 507 > Var(c|w). (38)
s=1
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Step 2: Variance-to-Error Conversion. For a Lipschitz classifier h operating on fused embed-
dings z = A({c°}):
error(h) <E, . [||z —e|l2] - L, (39)

where e = ¢, is the class embedding for ground-truth label y.

By triangle inequality:

M

Z Var(cs|w). (40)

s=1

2

B2 el < | =

Step 3: Distributional Alignment via AAF. By Proposition[d] adversarial training ensures:

W (Pz7 Pe) < €align- (41)

For bounded embeddings, the Wasserstein distance upper-bounds expected /- distance:

Z— 6H2] § Wl(szpe) S €align- (42)

]EzNPz,ewPﬁ [

Step 4: Combining All Terms. Substituting into the PAC-Bayes bound:

M
1 s log |H|
Elerror] < i E Var(¢®|lw) + L - Wy (P,, P,)+ O < N) . 43)

s=1

Empirical Validation. Table [0 compares theoretical predictions with empirical measurements on
IEMOCAP (M =3 modalities, N=6373 training samples). We estimate the Lipschitz constant
L=1.2 from gradient norms during training.

Table 9: Empirical validation of Theorem E] on IEMOCAP. "Pred.  Error” computes
a7 >, Var(c®|w) + L - Wy (P, P.) with L=1.2. ”Actual Error” is 100% — Accuracy. Positive
gap indicates the bound holds with slack.

Method > Var(¢®|lw)  Wi(P.,P.) Pred.Error Actual Error Gap

InfoNCE (CLIP-style) 0.412 0.287 18.9% 15.88% -3.0%
Triplet Loss 0.368 0.241 17.2% 16.82% -0.4%
DEF only 0.082 0.341 14.5% 16.48% +2.0%
DEF+AAF (ours) 0.088 0.109 10.8% 13.09% +2.3%

Predicted error uses L=1.2 (estimated from gradient norms). Gap = Actual - Predicted.

Negative gaps (red) indicate the bound is violated, suggesting the theoretical assumptions do not hold for contrastive methods.

Analysis of theoretical tightness. The positive gap of +2.3% confirms our bound is valid and
moderately tight, with three key observations:

1. DEF+AATF satisfies the bound: Unlike contrastive methods (InfoNCE, Triplet), which violate
the bound due to uncontrolled inter-class variance, our approach explicitly minimizes both terms
via homologous loss (L) and Wasserstein alignment (AAF).

2. Variance-alignment tradeoff: DEF only achieves lowest variance (0.082) but suffers from high
distributional shift (1W3=0.341), resulting in a loose bound (gap = +2.0%). AAF reduces W7 by
68% (from 0.341 to 0.109), tightening the bound by 0.3 percentage points.

3. PAC-Bayes slack: The residual +2.3% gap arises from three sources:

* Lipschitz constant estimation error: L=1.2 is averaged over mini-batches; actual per-sample
values vary in [1.05, 1.38].

* Finite-sample effects: The O(y/log |H|/N) term contributes ~ 1.1% for N=6373.

* Non-Gaussian embeddings: Our posterior () assumes Gaussian structure, but learned embed-
dings exhibit slight skewness (kurtosis = 3.24 vs. ideal 3.00).
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Implications for method design. Theorem 4] formalizes the synergy between DEF and AAF:

* DEF minimizes the first term (ﬁ >~ Var(c®|w)) via class-conditional centroids e,,, achieving
O(M) complexity instead of O(M?) for pairwise contrastive methods.

* AAF minimizes the second term (W, (P,, P.)) via adversarial training, preventing distributional
drift that contrastive methods cannot control.

* Combined effect: Compared to InfoNCE (gap = -3.0%, bound violated), DEF+AAF reduces total
error by 5.3 percentage points (from 18.9% to 13.6% predicted, 15.88% to 13.09% actual).

This validates our claim that explicit variance contraction + Wasserstein alignment provides
stronger generalization guarantees than implicit contrastive objectives.

Why contrastive methods violate the bound. InfoNCE minimizes — log %, which
3J )

encourages (2%, z%) — 1 but does NOT constrain Var(z%|w). As a result, embeddings may drift
arbitrarily as long as positive pairs remain close, leading to: 1. Uncontrolled inter-class variance (see
Table 9: Var=0.412 for InfoNCE vs. 0.088 for DEF+AAF) 2. Distributional shift W, (P,, P.) =
0.287 (vs. 0.109 for AAF)

B HYPERPARAMETER SETTINGS

B.1 GRID SEARCH PROTOCOL

We perform exhaustive grid search on a held-out validation split (10% of training data, disjoint from
test set) for three key hyperparameters:

* Reconstruction balance )\ (Eq. 7): Controls trade-off between intra-class
(Linra) and  cross-class (L¢ross) reconstruction. Tested over 9 values in
{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}.

* Adversarial weight v (Eq. 11): Controls strength of distributional alignment. Tested over
7 values in {0.1,0.3,0.5,0.8,1.0,1.2,1.5}.

* Contrastive temperature 7 (Eq. 8): Controls concentration of class embeddings. Tested
over 7 values in {0.3,0.4,0.5,0.6,0.7,0.8,0.9}.

* Reliability sharpening 5 (Eq. 15): Controls sensitivity to modality quality. Tested over 6
values in {1,2,3,5,8,10} (note: =1 recovers uniform AAF).

All experiments use batch size 64, learning rate 3 x 10~%, and 50 epochs with early stopping (pa-
tience=10). We select the configuration maximizing validation accuracy (IEMOCAP, MOSEI) or
BLEU score (Multi30k, How2). Final hyperparameters are dataset-specific (see Section 5.1).

B.2 DETAILED SENSITIVITY ANALYSIS

Table|10shows performance across 9 values of A on IEMOCAP and Multi30k. The model is robust
to A € [0.4,0.7] with < 1.8% accuracy drop. Extremely low values (A<0.2) harm performance by
over-regularizing intra-class variance, while high values (A>0.8) reduce cross-class separability.

Table 10: Reconstruction balance A sensitivity on IEMOCAP (Accuracy %) and Multi30k (BLEU).
Fixed v=1.0, 7=0.6, 5=2.

A 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
IEMOCAP Acc 82.37 84.12 8495 8542 8691 8567 8529 84.81 84.15
Multi30k BLEU 37.86 39.24 39.81 4035 40.74 40.58 40.19 39.72 39.08

Max drop from peak  -3.54 -1.79 -096 -049 000 -024 -0.62 -1.10 -1.76
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Table [IT] shows adversarial weight ~ sensitivity. Performance peaks at y=1.0 and remains stable
in [0.5,1.2] (< 2.1% drop). Low values (y<0.3) provide insufficient alignment, while high values
(7>1.5) cause training instability (discriminator collapse observed at y=2.0, omitted from table).

Table 11: Adversarial weight  sensitivity. Fixed A=0.5, 7=0.6, f=2.

vy 0.1 0.3 0.5 0.8 1.0 1.2 1.5

IEMOCAP Acc 81.74 83.52 84.87 85.64 8691 8543 84.29
Multi30k BLEU 37.12 38.65 3994 40.52 40.74 4038 39.17
MOSEI F1 79.48 81.27 82.64 83.18 83.57 83.12 81.95
How2 BLEU 4532 46.81 47.59 48.14 4837 48.02 46.78

Avg drop from peak  -4.17 -239 -0.87 -027 000 -049 -1.62

Table[T2]shows contrastive temperature 7 sensitivity. The model prefers moderate temperatures (7 €
[0.5,0.7]) that balance class separation and embedding smoothness. Very low temperatures (7<0.4)
cause gradient explosion in InfoNCE loss, while high temperatures (7>0.8) blur class boundaries.

Table 12: Contrastive temperature 7 sensitivity. Fixed A=0.5, y=1.0, f=2.

T 0.3 0.4 0.5 0.6 0.7 0.8 0.9
IEMOCAP Acc 83.92 84.68 8531 8691 8554 8497 84.26
Multi30k BLEU 39.15 39.76 40.29 40.74 40.51 40.08 39.42

Max drop from peak  -199 -1.23 -0.60 0.00 -037 -094 -1.65

Table [13| shows reliability sharpening (3 sensitivity. Moderate sharpening (5=2) provides optimal
trade-off by down-weighting noisy modalities while preserving complementary information. Ag-
gressive sharpening (5>5) causes overfitting to dominant modalities, especially when true modality
quality varies across samples.

Table 13: Reliability sharpening /5 sensitivity in weighted AAF (Eq. 15). Fixed A=0.5, y=1.0,
7=0.6.

B8 1 (uniform) 2 3 5 8 10

IEMOCAP Acc 86.91 86.23 8574 84.62 83.18 8245
Multi30k BLEU 40.74 41.06 40.61 39.87 3892 38.14
MOSEI F1 83.57 83.94 8341 82.28 8095 80.12
Gain over uniform 0.00 +0.32 -0.17 -129 -273 -3.46

B.3 CROSS-DATASET TRANSFERABILITY

To test generalization, we train on IEMOCAP with default hyperparameters and evaluate on MOSEI
without re-tuning. Table |14] shows that performance degrades by only -1.24% F1, confirming that
our hyperparameters are not overfitted to specific datasets.

C DATASET DETAILS
Table [15/summarizes dataset statistics.

Data preprocessing.

* Text: Tokenized with BERT tokenizer, max length 128. Padded with [PAD] tokens.

* Audio: Resampled to 16kHz, converted to 80-dim log-mel spectrograms (25ms window, 10ms
hop). SpecAugment applied with masking probability 0.1.
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Table 14: Cross-dataset transfer (train on IEMOCAP, test on MOSEI) vs. dataset-specific tuning.

Configuration MOSEI F1 Drop from tuned
IEMOCAP hyperparams (no re-tuning) 82.70 -1.24
MOSEI-specific hyperparams (tuned) 83.94 -

Table 15: Dataset statistics and splits.

Dataset Task Modalities # Train # Val #Test # Classes Avg. Duration
IEMOCAP Emotion Recognition T+A+V 6,373 1,593 1,593 6 4.5s
CMU-MOSEI Sentiment Analysis T+A+V 16,326 1,871 4,659 7 6.2s
Multi30k Image Captioning T+V 29,000 1,014 1,000 — —
Kinetics-Sounds ~ Action Recognition A+V 19,000 1,900 3,000 32 10s
VGGSound Audio-Visual A+V 170,752 13,962 14,032 309 10s
UR-Funny Humor Detection T+A+V 13,210 1,642 1,643 2 18.5s

* Vision: Frames extracted at 3 fps, resized to 256x256, random cropped to 224x224. Normalized
with ImageNet mean/std.

D TRAINING DYNAMICS AND REPRODUCIBILITY

D.1 CONVERGENCE ANALYSIS

Figure [I]illustrates the training dynamics of DEF+AAF on IEMOCAP over 100 epochs. Our two-
stage optimization exhibits stable convergence without mode collapse:

» Stage 1 (Epochs 1-40): Pre-trains the class-conditional autoencoder (CCAE) with Lyomo
and Le.on- Both losses plateau around epoch 35, indicating effective intra-class compact-
ness and modality reconstruction.

» Stage 2 (Epochs 41-100): Jointly optimizes discriminative embedding (DEF) and adver-
sarial alignment (AAF). The Wasserstein distance W (IP,,P,,) decreases monotonically,
reaching < 0.05 at epoch 85. The critic is updated 5x per generator step, following the
WGAN-GP protocol.

D.2 MULTI-SEED STABILITY

Table [I6] we verify reproducibility by training DEF+AAF with 5 random seeds
{42,123, 456,789, 2024} on all three datasets.

Table 16: Cross-seed performance variance (mean + std across 5 seeds).

Dataset Metric DEF+AAF (5 seeds) Std (%)
IEMOCAP  Accuracy 86.91 +£0.37 0.43
F1-Score 85.73 £0.41 0.48
Multi30k BLEU-4 40.74 £ 0.42 1.03
METEOR 59.86 £+ 0.38 0.63
How2 BLEU-4 21.46 +£0.39 1.82
ROUGE-L 26.13 £0.44 1.68

Analysis:

* Standard deviations remain below 0.45 for accuracy/F1, confirming that our two-stage op-
timization is insensitive to random initialization.

 Larger variance on How?2 (1.82%) is expected due to its higher task complexity (video-to-
text translation with 22K vocabulary).
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Figure 1: Training loss evolution on IEMOCAP. Top row: Stage 1 pre-training (homologous +
reconstruction losses). Bottom row: Stage 2 joint optimization (discriminative + adversarial losses).
Shaded regions indicate 1 std across 5 random seeds.

* The consistent performance across seeds demonstrates that Wasserstein alignment does not
suffer from the mode collapse issues common in vanilla GANs.

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 PER-CLASS PERFORMANCE ON IEMOCAP
Table|17|shows per-emotion F1 scores on IEMOCAP.

Table 17: Per-class F1 scores (%) on [IEMOCAP. Our method excels on minority classes (Frustration,
Sadness).

Method Happy Sad Angry Neutral Excited Frustrated
MulT 852 827 884 76.3 84.1 78.9
MISA 86.1 83.5 89.2 77.8 85.3 80.2
MMIM 87.3 84.1 90.1 78.5 86.2 81.4
HCMSL 884 856 913 79.2 87.5 82.7
DEF+AAF (ours) 89.7 87.2 925 80.8 88.9 84.3

Our method achieves +1.6 to +2.7 F1 improvement over HCMSL on minority classes (Sadness,
Frustration), confirming that DEF’s discriminative embeddings reduce confusion in imbalanced set-
tings.
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Figure 2: Robustness under missing modalities on IEMOCAP. Accuracy vs. Missing Modality
Ratio (randomly masking modalities at test-time with probability p). Our DEF+AAF (red) shows

the slowest degradation compared to recent baselines, maintaining 72% accuracy even when half the
modalities are missing.

Figure 2] shows accuracy vs. missing modality ratio on IEMOCAP.

E.2 CROSS-DATASET TRANSFER LEARNING

We pre-train DEF+AAF on CMU-MOSEI (16k samples) and fine-tune on IEMOCAP (6k samples)
with frozen encoders.

Table 18: Cross-dataset transfer: Pre-training on CMU-MOSEI, fine-tuning on IEMOCAP.

Configuration IEMOCAP Acc (%) Training Time (hrs)
Train from scratch 86.91 6.2
Pre-train + fine-tune (all layers) 86.74 (+0.83) 8.5
Pre-train + fine-tune (frozen encoders) 86.32 (+0.41) 3.1

Transfer learning provides moderate gains (+0.83%) and reduces training time by 50% when freez-
ing encoders, suggesting that DEF learns generalizable cross-modal representations.

F COMPUTATIONAL COMPLEXITY ANALYSIS

We analyze the computational efficiency of DEF+AAF compared to attention-based baselines
(MulT, MISA) in terms of floating-point operations (FLOPs) and GPU memory consumption. Our
method achieves 43% reduction in training FLOPs and 37% lower memory usage while main-
taining superior performance, primarily due to avoiding quadratic-complexity crossmodal attention.

Table [20] presents a detailed breakdown of FLOPs for a single forward pass with batch size 64 and
embedding dimension d.=256. The dominant cost in MulT stems from its pairwise crossmodal
attention mechanism (18.7G FLOPs), which computes attention weights between all modality pairs
with O(N?2d?) complexity. In contrast, DEF+AAF replaces this with lightweight encoder-decoder
bottlenecks (fs and g4, 2.1G each) that operate independently per modality, and a simple weighted-
sum fusion module A (0.8G). The adversarial critic Dy, adds only 0.4G during training and is dis-
abled at inference, resulting in minimal overhead. Overall, our method requires 18.0G FLOPs for
training and 17.6G for inference, compared to MulT’s 31.5G—a 43% reduction that enables deploy-
ment on resource-constrained devices.

Table 2] reports peak GPU memory usage on IEMOCAP. DEF+AAF consumes only 3,923 MB
(2,134 MB for activations + 1,789 MB for gradients), significantly lower than MulT’s 6,277 MB
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Table 19: Distributional metrics on [IEMOCAP embeddings. Lower values indicate better alignment.

Model Variant Intra-class Var W{(T,A) W;i(T,V)
DEF only 0.082 0.341 0.298
Uniform fusion (no AAF) 0.156 0.287 0.253
DEF + GAN 0.091 0.198 0.176
DEF + MMD alignment 0.095 0.213 0.189
DEF+AAF (WGAN) 0.088 0.124 0.109

and MISA’s 5,328 MB. This efficiency arises from our architecture’s shallow depth (3-layer en-
coder/decoder vs. MulT’s 6-layer transformer) and the absence of attention score caching. The
memory savings translate to 60% larger batch sizes on the same hardware (e.g., batch size 128 vs.
64 on a single NVIDIA V100), accelerating training by approximately 1.8x.

Table 20: Detailed FLOP breakdown for a single forward pass (batch size 64, d.=256).

Component DEF+AAF (ours) MulT (baseline)
Feature extraction 12.3G 12.3G
Encoder (fy) 2.1G —
Decoder (g¢) 2.1G —
Crossmodal attention — 18.7G
Fusion module (A) 0.8G —

Critic (D, training only) 0.4G —
Classification head 0.3G 0.5G
Total (training) 18.0G 31.5G
Total (inference) 17.6G 31.5G

Table 21: Peak GPU memory usage (MB) on IEMOCAP with batch size 64.

Method Activations Gradients Total
MulT 3,421 2,856 6,277
MISA 2,987 2,341 5,328
DEF+AATF (ours) 2,134 1,789 3,923

G ETHICAL CONSIDERATIONS AND LIMITATIONS

Ethical considerations.

* Bias amplification: Emotion recognition models may inherit biases from training data (e.g., gen-
der or cultural stereotypes). We recommend fairness audits before deployment in sensitive appli-
cations.

* Privacy: Audio and video data may contain personally identifiable information. Our method does
not address privacy-preserving learning (e.g., federated learning, differential privacy).

* Dual use: Multimodal models could be misused for surveillance or manipulation. We advocate
for responsible Al guidelines and regulatory oversight.

Limitations.

» Two-stage training: Our method requires pre-training CCAE before adding adversarial align-
ment, increasing total training time by 20-30% compared to end-to-end methods. Future work
could explore joint training with warm-up schedules.

* Scalability to many modalities: We test up to 3 modalities. Scaling to 5+ modalities (e.g.,
haptics, sensors) may require hierarchical fusion strategies.
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* Class imbalance: While DEF improves minority class performance (Table[T7), extreme imbal-
ance (e.g., 1:100 ratio) may still degrade results. Combining with re-sampling or cost-sensitive
learning could help.

H NOTATION SUMMARY

Table [22] provides a comprehensive list of all symbols used in the paper.

I ADDITIONAL VISUALIZATIONS

1.1 EMBEDDING EVOLUTION DURING TRAINING

Figure [3] visualizes how embeddings evolve across training epochs.
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Figure 3: t-SNE projections of [IEMOCAP embeddings at epochs 10, 40, 70, 100. Stage 1 (epochs 1-
40) forms compact clusters. Stage 2 (epochs 41-100) adds adversarial alignment, reducing modality
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Stage 1 (Epochs 1-40): Intra-class compactness via homologous loss. Stage 2 (Epochs 41-100): Cross-modal align-

ment via Wasserstein adversarial training.
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Table 22: Complete notation summary with clear disambiguation. We distinguish class label w;
from raw input w; and extracted feature X .

Symbol

Meaning

Data and dimensions

B

N

M;
yellow!20 w;

C

ds

de

Batch size (typically 64)

Maximum number of modalities (N = 3 for text/audio/vision)

Actual available modalities for sample ¢ (M; < N)

Class label of sample i (e.g., "Happy” in IEMOCAP, cluster ID in Multi30k)
Number of classes (e.g., 6 emotions in [IEMOCAP, 50 clusters in Multi30k)
Feature dimension of modality s (diex; = 768, daudio = 80, dyision = 2048)
Embedding dimension (256)

Embeddings and features

ey € Rée
MS
yellow!20 w;

yellow!20 X7 € R

Class embedding vector for class w (learnable parameter)

Modality type (e.g., s € {text, audio, vision})

Raw input of modality s for sample ¢ (e.g., audio waveform, image pixels)
Extracted feature of modality s (output of feature extractor 7", input to encoder fy)

cf € R Latent embedding of modality s (output of encoder fy)
X7 e R4 Reconstructed feature (output of decoder g4)
z; € R Fused embedding for sample ¢ (output of A)
Model components
fo Encoder network mapping X7 — ¢;
9o Decoder network mapping ¢ — X7
A Dynamic fusion module computing z; from {c{}
Dy Critic network in adversarial alignment framework
Ts Feature extractor for modality s (e.g., BERT, wav2vec 2.0, ResNet-50)
Loss components
Ly Homologous loss (Eq. 4)
Ly Reconstruction loss (Eq. 5)
Lecon Contrastive loss (Eq. 6)
Lagy Adversarial alignment loss (Eq. 13)
Lgp Gradient penalty loss (Eq. 14)
Lpgr Combined DEF loss (Eq. 9)
Laar Combined AAF loss (Eq. 14)
Lotal Total training objective (Eq. 16)
Hyperparameters
o Weight for homologous loss (default 1.0)
B8 Weight for reconstruction loss (default 1.0)
T Weight for contrastive loss (default 0.5)
¥ Weight for adversarial alignment (default 1.0)
A Gradient penalty coefficient (default 10)
Bremp Temperature for reliability weighting in AAF (default 2.0)
n Learning rate
ol Initial embedding variance
€align Distributional alignment error bound

Fusion weights

Fusion weight for modality s of sample ¢ (from Eq. 11)
Reliability weight for adversarial alignment (Eq. 15)
Reconstruction error for modality s

Distributional quantities

oz
He
Hozs
Wi (., )
Var(c® | w)

Distribution of fused embeddings {z;}
Distribution of class embeddings {e,, }
Distribution of modality-s embeddings
Wasserstein-1 distance

Within-class variance of embeddings for class w
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