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Abstract

Dominant multimodal emotion recognition
paradigms often neglect the intrinsic geomet-
ric structure of affect, resulting in representa-
tions heavily entangled with non-affective fac-
tors. To address this, we propose a Canonical
Disentangled Multimodal Generative Frame-
work aimed at recovering the canonical affec-
tive manifold from raw data. We explicitly
decompose the latent space into a canonical
Shared Affective Subspace (zvad) and a Private
Modality Subspace (zpriv). We facilitate this
factorization through Supervised Manifold An-
choring and Cross-Modal Manifold Alignment.
Experiments demonstrate that our model effec-
tively disentangles affect from private attributes
(e.g., identity), achieving superior robustness
in zero-shot cross-domain transfer compared
to fully supervised baselines, while enabling
controllable emotion generation.

1 Introduction

Human emotional expression is intrinsically a mul-
timodal cognitive process, orchestrating complex
interactions across linguistic semantics, acoustic
prosody, and facial dynamics (Picard, 2000; Lai
et al., 2023). With the proliferation of social me-
dia and human-machine interaction systems, Mul-
timodal Affective Computing has emerged as a
pivotal field (Baltrušaitis et al., 2018). Unlike uni-
modal analysis, multimodal learning aims to lever-
age the complementarity among heterogeneous
data sources to resolve ambiguity inherent in iso-
lated signals (D’mello and Kory, 2015). However,
recovering robust, latent affective representations
from high-dimensional, asynchronous, and noisy
multimodal streams remains a fundamental scien-
tific challenge (Bengio et al., 2013).

The research on multimodal continuous emo-
tion computation has undergone an evolution from
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pure prediction to structure-awareness. The ear-
liest and most mature line of work is dedicated
to Continuous Affect Recognition. Represented
by the AVEC Challenge series, these studies uti-
lize LSTMs or Transformers to directly map multi-
modal inputs to Valence-Arousal values (Ringeval
et al., 2015; Kollias et al., 2019). Although these
methods achieve continuous value output, they es-
sentially belong to Supervised Prediction rather
than representation learning. The models focus
solely on the precision of the X → Y mapping,
while ignoring the intrinsic structure of the latent
space Z. To remedy this defect, transitional works
in recent years have started to explore VAD-aware
Representation. Specifically, the VAD model char-
acterizes affective states as points within a con-
tinuous three-dimensional space defined by Va-
lence (pleasure), Arousal (intensity), and Domi-
nance (control) (Mehrabian, 1996). For instance,
some approaches attempt to introduce explicit VAD
latent variables (Yang et al., 2023) or bridge dis-
crete emotions with continuous spaces (Jia et al.,
2025). However, these attempts mostly still rely
on full supervision signals and follow discrimina-
tive paradigms, failing to construct a generative
emotional manifold truly independent of the task.

In the other dimension of Multimodal Represen-
tation Learning, although generative models and
disentanglement ideas have emerged, there remains
a significant gap towards the ideal canonical contin-
uous affective representation. Existing Multimodal
VAE works (Wu and Goodman, 2018) introduce
a shared latent variable z, but their latent space is
typically an unstructured isotropic Gaussian distri-
bution. This space lacks clear physical semantics
and leads to serious Entanglement of emotional in-
formation with private attributes like speaker iden-
tity. On the other hand, disentanglement learn-
ing works represented by MISA (Hazarika et al.,
2020) successfully separate Modality-Invariant and
Modality-Specific features, but they are intrinsi-
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cally discriminative and lack explicit modeling of
Continuous Affective Geometry. Recent advanced
explorations have begun to address these issues,
such as fuzzy VAD representations for EEG (Asif
et al., 2024) and variational disentanglement for
stance detection (Xu et al., 2025). In summary,
a systematic solution for canonical, disentangled,
and manifold-based continuous affective represen-
tation is still lacking. To date, the restoration of
the affective manifold under a unified structurally
anchored generative framework remains a largely
unexplored challenge.

To transcend these limitations, we propose a
Canonical Disentangled Multimodal Generative
Framework that reconceptualizes affective mod-
eling from discriminative label-fitting to genera-
tive manifold recovery. Specifically, we instanti-
ate a Variational Autoencoder (VAE) (Kingma and
Welling, 2013) to explicitly factorize the joint mul-
timodal distribution into two orthogonal subspaces:
a Shared Affective Subspace (zvad) serving as a
canonical coordinate system, and a Private Modal-
ity Subspace (zpriv) encapsulating non-affective
residues. To bridge the modality gap within this dis-
entangled structure, we implement a Cross-Modal
Manifold Alignment mechanism, where mutual re-
construction objectives compel heterogeneous en-
coders to reach a consensus on the affective state,
thereby filtering out modality-specific noise. Cru-
cially, to refine the manifold geometry, we orches-
trate a Dual-Anchoring Strategy that enforces strict
geometric constraints using ground-truth labels for
empirical precision, while simultaneously injecting
Linguistic Priors (via the NRC-VAD lexicon (Mo-
hammad, 2025)) as a semantic regularizer to en-
hance structural robustness against dataset-specific
biases.

In summary, our main contributions are as fol-
lows:

• We propose a multimodal generative framework
that integrates explicit disentanglement with canon-
ical VAD anchoring. By encouraging an orthogonal
decomposition between affective and private fac-
tors in the latent space, we establish a psychologi-
cally interpretable coordinate system that improves
the structural semantics of conventional latent rep-
resentations.

• We design a Cross-Modal Mutual Reconstruction
mechanism that acts as a synchronization signal
across modalities. It encourages semantic consis-
tency among heterogeneous modalities and helps

align the learned manifold toward a shared affective
structure.

• Extensive experiments demonstrate the robustness
and interpretability of the learned manifold under
our evaluation settings. Our model shows strong
performance in disentanglement verification and
indicates that the learned representation can pro-
vide meaningful affective guidance for generation,
beyond surface-level statistical correlations.

2 Related Work

2.1 Multimodal Emotion Modeling
Multimodal emotion recognition has evolved sig-
nificantly with the advancement of deep learn-
ing strategies for fusing heterogeneous signals.
Early influential works focused on capturing inter-
modal dynamics through tensor-based operations,
such as the Tensor Fusion Network (TFN) (Zadeh
et al., 2017) and Low-rank Multimodal Fusion
(LMF) (Liu et al., 2018), which modeled the outer
product of unimodal representations. With the ad-
vent of attention mechanisms, the focus shifted to-
wards alignment and cross-modal interaction. The
Multimodal Transformer (MulT) (Tsai et al., 2019)
and MAG-BERT (Rahman et al., 2020) leveraged
cross-attention to dynamically align unaligned mul-
timodal sequences. Recent approaches have fur-
ther refined representation learning. Self-MM (Yu
et al., 2021) employs self-supervised multi-task
learning to improve unimodal feature quality, while
MMIM (Han et al., 2021) maximizes mutual infor-
mation to preserve task-relevant content while re-
ducing redundancy. Other architectures like Cube-
MLP (Sun et al., 2022) and hierarchical fusion net-
works (Lv et al., 2021) explore efficient fusion path-
ways. Despite their discriminative success, these
methods typically map inputs directly to labels, ne-
glecting the generative process and the intrinsic
topological structure of the affective latent space.

2.2 Generative Representation Learning
Disentangled Representation Learning (DRL)
seeks to partition data into independent latent
factors (Bengio et al., 2013). Early unsuper-
vised paradigms, such as β-VAE (Higgins et al.,
2017) and FactorVAE (Kim and Mnih, 2018), uti-
lized information bottlenecks and total correlation
constraints to enforce independence, while Info-
GAN (Chen et al., 2016) employed adversarial mu-
tual information maximization. However, follow-
ing Locatello et al.’s (Locatello et al., 2019) proof

41606



that unsupervised DRL is fundamentally ill-posed
without inductive biases, research has pivoted to-
ward supervised (Reed et al., 2014) and weakly-
supervised approaches (Bouchacourt et al., 2018;
Locatello et al., 2020) that leverage external signals
or grouped observations. Our work extends these
principles to the multimodal affective domain. We
extend DRL principles to recover a canonical VAD
manifold, orchestrated via a dual-anchoring mech-
anism that synergizes empirical supervision with
linguistic regularization.

3 Method

In this section, we elucidate our proposed Canon-
ical Disentangled Multimodal Generative Frame-
work. As illustrated in Figure 1, the overarching
objective is to learn a structurally anchored, con-
tinuous affective manifold by explicitly factorizing
the joint multimodal distribution into a canonical
shared subspace and orthogonal modality-specific
private subspaces.

3.1 Problem Formulation and Notation
Formally, let the multimodal dataset be denoted as
D = {(x(i)t , x

(i)
a , x

(i)
v )}Ni=1, where xt, xa, xv repre-

sent the aligned input sequences for textual, acous-
tic, and visual modalities, respectively. Our pri-
mary objective is to learn a joint mapping function
Φ that projects these heterogeneous modalities into
a disentangled latent space Z .

We explicitly decompose the latent space Z into
two orthogonal subspaces:

• Shared Affective Subspace (S): Represented
by the latent variable zvad ∈ R3. To endow
this space with interpretability, we constrain
its three dimensions to correspond to the psy-
chological primitives of Valence, Arousal, and
Dominance. This subspace captures the affec-
tive state invariant across modalities.

• Private Modality Subspace (Pm): Repre-
sented by the latent variable zmpriv ∈ Rdm ,
where m ∈ {t, a, v}. This subspace captures
modality-specific variations unrelated to emo-
tion, such as textual syntax, acoustic timbre,
or visual identity features.

3.2 Unimodal Backbones and Preprocessing
To extract robust feature representations from het-
erogeneous data sources, we employ specific pre-
trained backbone networks for each modality. For
the textual modality, we encode input utterances

using RoBERTa (Liu et al., 2019) and select the em-
bedding of the start token ‘<s>‘ from the final layer
as the global semantic feature ht. For the acous-
tic modality, raw audio waveforms are processed
by the data2vec (Baevski et al., 2022) model. We
apply a mean-pooling operation over the temporal
dimension of the output sequence to obtain a fixed-
length acoustic embedding ha. Finally, for the
visual modality, we utilize TimeSformer (Bertasius
et al., 2021) to model the spatiotemporal dynam-
ics of facial video clips, taking the output of the
classification token ‘[CLS]‘ as the resulting visual
representation hv.

3.3 Disentangled Variational Encoding and
Generation

To recover the underlying emotional manifold from
heterogeneous multimodal data, we have developed
a generative model based on variational inference.
Our central hypothesis is that the data generation
process of any modality is governed by two statis-
tically independent latent factors: one is the cross-
modal shared emotional state zvad, and the other
is the modality-specific private attribute zmpriv. We
factorize the latent space into two statistically inde-
pendent distributions:

qϕ(z
m
vad,z

m
priv |hm)=qϕ(z

m
vad|hm)·qϕ(zmpriv |hm) (1)

In implementation, the encoder Em maps the
input hm to the parameters of two Gaussian dis-
tributions. We define two independent projection
heads (MLPs):

[µm
vad; log(σ

m
vad)

2] = Fvad(hm;ϕvad) (2)

[µm
priv; log(σ

m
priv)

2] = Fpriv(hm;ϕpriv) (3)

where F denotes a Multi-Layer Perceptron, and
[·; ·] denotes vector concatenation. Utilizing the
Reparameterization Trick, the sampling process for
the latent variables is formalized as:

zmk =µm
k +σm

k ⊙ϵ, ϵ∼N (0,I), k∈{vad,priv} (4)

The decoder Dθ is designed to reconstruct the
original high-level features based on these latent
representations. In the Self-Reconstruction phase,
the decoder receives the pair of latent variables
from the same source modality. The generation pro-
cess is denoted as ĥm→m = Dm(zmvad, z

m
priv; θm).

Consequently, the intra-modal reconstruction loss
is defined as:

Lself=
∑

m∈M Eqϕ(z|hm)[||hm−Dm(zmvad,z
m
priv)||22] (5)
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Figure 1: Overall framework of the proposed Canonical Disentangled Multimodal Generative Framework.

3.4 Cross-Modal Manifold Alignment
To map heterogeneous modality features onto a uni-
fied affective manifold S , we define a cross-modal
generation function G(i, j), where the source
modality i provides the affective instruction zivad,
and the target modality j provides the private con-
tent zjpriv. The core of this alignment mechanism
lies in minimizing the discrepancy between the gen-
erated features and the ground-truth features of the
target modality.

For all non-identical modality pairs (i, j) ∈
M × M, i ̸= j, the cross-modal reconstructed
feature is calculated as:

ĥi→j = Dj(z
i
vad, z

j
priv; θj) (6)

We define the Manifold Alignment Loss Lcross as
the expected reconstruction error over all permuta-
tions:

Lcross =
∑

i∈M

∑

j∈M,j ̸=i

Eqϕ

[
||hj − ĥi→j ||22

]
(7)

This objective function not only enforces cross-
modal semantic consistency within the zvad space
but also acts as a self-supervised regularizer, sup-
pressing the encoding of modality-specific noise
into the shared affective variables.

3.5 Dual-Anchored Manifold Supervision
To construct a latent manifold that is both empiri-
cally precise and semantically robust, we employ a
Dual-Anchoring Strategy. First, we utilize dataset-
provided VAD labels ygt as a hard geometric con-
straint, strictly anchoring the shared latent variable
zvad to physical psychological coordinates across

all modalities via LGT =
∑

m∈{t,a,v} ||zmvad −
ygt||22. Simultaneously, to mitigate overfitting to
dataset biases, we leverage the NRC-VAD lexicon
as a task-agnostic semantic regularizer. We com-
pute sentence-level pseudo-labels ylex via Emo-
tionDynamics (aggregating word-level scores with
context adjustments) and apply them to the textual
embedding ztvad through LLex = ||ztvad − ylex||22.
The final supervision objective is a weighted sum:
Lsup = LGT + λlexLLex.

3.6 Orthogonal Disentanglement and
Regularization

To encourage statistical independence between the
shared space S and the private space Pm, we em-
ploy an orthogonality constraint to approximate
the minimization of Mutual Information. For a
batch containing B samples, let Zm

vad ∈ RB×3 and
Zm
priv ∈ RB×dm denote the de-meaned latent vari-

able matrices, respectively. We compute the cross-
covariance matrix between them:

Σm
cross =

1

B − 1
(Zm

vad)
⊤Zm

priv (8)

The disentanglement regularization term Ldec

is defined as the squared Frobenius norm of this
matrix:

Ldec =
∑

m∈M
||Σm

cross||2F (9)

Furthermore, to constrain the topology of the
latent space and support generative tasks, we intro-
duce the standard KL divergence loss, forcing the
posterior distribution to approximate the standard
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normal prior p(z) = N (0, I):

LKL=
∑

m∈M β·DKL(qϕ(zmvad,z
m
priv |hm) || p(zvad)p(zpriv))

(10)

3.7 Optimization Objective

To strike a balance between feature reconstruction
fidelity, cross-modal manifold alignment, and the
degree of latent disentanglement, we formulate the
overall optimization objective as a weighted sum-
mation of the constituent losses:

min
ϕ,θ

Ltotal = Lself + λcrossLcross

+ λsupLsup + λdecLdec

+ λklLKL

(11)

where λcross, λsup, λdec, and λkl are hyperpa-
rameters that govern the relative importance of
each regularization term. By minimizing this objec-
tive, the model learns a structured and disentangled
shared affective manifold aligned with the NRC-
VAD linguistic priors, while simultaneously pre-
serving modality-specific private characteristics.

4 Experiment

4.1 Datasets

To comprehensively evaluate the quality, dis-
entangling capability, and generalization perfor-
mance of the learned representations, we selected
three widely used multimodal emotion benchmark
datasets.

The IEMOCAP(Busso et al., 2008) dataset con-
sists of approximately 12 hours of dyadic conversa-
tion videos, performed by 10 actors in both impro-
vised and scripted scenarios. It provides not only
discrete emotional category labels (such as Happy,
Sad, Angry, Neutral) but also detailed continuous
ratings for the Valence, Arousal, and Dominance
(VAD) dimensions, with a scale ranging from 1 to
5. Additionally, the explicit speaker identity anno-
tations (Speaker ID) make it an ideal experimental
platform for validating the disentangling perfor-
mance, i.e., the separation of emotion from speaker
identity.

The CMU-MOSI(Zadeh et al., 2016) and CMU-
MOSEI(Zadeh et al., 2018) datasets primarily con-
sist of single-speaker movie review videos from
YouTube, characterized by more natural scenes and
noise. They provide fine-grained sentiment inten-
sity ratings, ranging from -3 to +3. In this paper, we

treat Sentiment as a proxy for the Valence dimen-
sion. To evaluate the model’s zero-shot transfer
ability, we train the model on IEMOCAP and di-
rectly assess the effectiveness of its representations
on MOSI/MOSEI.

4.2 Semantic Interpretability of the Affective
Manifold

A central premise of our proposed framework is
that the learned shared latent variable, zvad, consti-
tutes a canonical orthogonal basis corresponding to
the psychological primitives of Valence, Arousal,
and Dominance. To validate this hypothesis, we
investigate the statistical correlations between the
specific dimensions of zvad and the ground-truth
affective attributes.

Table 1 reports the Pearson correlations on the
IEMOCAP test set. The prominent diagonal coef-
ficients (r = +0.533,+0.630,+0.503) shows that
the latent axes align well with the intended psy-
chological primitives. Specifically, zvad[0] shows
high specificity to Valence with minimal leakage.
The moderate coupling observed between Arousal
(zvad[1]) and Dominance (zvad[2]) reflects estab-
lished psychological realities where emotional in-
tensity and perceived control often co-vary in nat-
uralistic speech (Russell and Mehrabian, 1977).
Notably, our model matches or even surpasses the
Inter-rater Agreement in the A and D dimensions,
suggesting that the learned manifold captures stable
multimodal affective regularities beyond individual
annotation variability.

Table 1: Semantic Alignment Analysis on IEMO-
CAP. We evaluate whether the learned latent dimen-
sions (zV , zA, zD) statistically correlate with ground-
truth affective attributes. High diagonal values indicate
successful semantic grounding.

Learned Axis GT Valence GT Arousal GT Dominance

Shared zvad[0] +0.533 -0.120 -0.190
Shared zvad[1] -0.017 +0.630 +0.493
Shared zvad[2] -0.133 +0.523 +0.503

Inter-rater Agreement +0.645 +0.511 +0.383

To provide visual insight into the topological
structure of the learned manifold, Figure 2 visu-
alizes the distribution of zvad across different in-
put sources. Notably, sample points from hetero-
geneous modalities—text, audio, and video—are
thoroughly intermixed within the same latent space.
This overlap provides qualitative evidence that the
cross-modal reconstruction mechanism helps re-
duce the modality gap and improves manifold align-
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ment. The resulting distribution is consistent with
a more unified, modality-aligned geometry, sug-
gesting that the framework distills shared affective
structure across modalities.

Figure 2: Visualization of the shared affective manifold
zvad across different modalities. Sample points from
text, audio, and video are thoroughly intermixed within
the unified latent space, indicating that the "Modality
Gap" has been effectively bridged. Notably, the cen-
troids of each modality, represented by stars, nearly
perfectly overlap.

4.3 Disentangled Latent Space Analysis

One of fundamental objective of our framework
is to ensure that the Shared Affective Subspace
(zvad) is statistically independent of the Private
Modality Subspace (zpriv). We seek to verify
whether the learned representations achieve a func-
tional dichotomy, where zvad captures core af-
fective states while zpriv successfully filters out
modality-specific nuisances (e.g., speaker identity,
background noise). To this end, we evaluate the
disentanglement quality through statistical indepen-
dence metrics and functional ablation tasks.

We first quantify the factorization quality using
three complementary metrics: Mean Absolute Cor-
relation (|r|), Centered Kernel Alignment (CKA),
and Mean Mutual Information (MI). As reported
in Table 2, our model achieves near-zero values
across all criteria (e.g., MI ≈ 0.005) for text, au-
dio, and video modalities. This statistical evidence
is further visually corroborated by the correlation
heatmaps in Figure 3. The vertical and horizontal
low-correlation bands indicate that the canonical af-
fective dimensions (V, A, D) are largely orthogonal
to the private modal residuals. Notably, within the

Modality Mean |r| ↓ CKA ↓ Mean MI ↓
Text 0.0255 0.0126 0.0058
Audio 0.0297 0.0164 0.0056
Video 0.0235 0.0109 0.0055

Table 2: Statistical Independence Analysis. We mea-
sure the factorization quality between the shared sub-
space zvad and private subspaces zpriv using Mean
Absolute Correlation (|r|), Centered Kernel Alignment
(CKA), and Mutual Information (MI). Near-zero val-
ues across all modalities provide strong evidence of
effective factorization between affective and modality-
specific information.

affective subspace, the moderate coupling between
Arousal and Dominance reflects psychological re-
ality, yet their relationship with the private space
remains minimal.

To verify if the information is effectively parti-
tioned, we conduct an ablation study by training
linear probes for emotion classification on differ-
ent latent components. As shown in Table 3, re-
stricting the input to zvad only yields high accu-
racy across all modalities, even outperforming the
"Full" (zvad + zpriv) configuration in Text (+6.9%)
and Audio (+2.7%). This phenomenon suggests
a denoising effect, where the affective manifold
distills core emotional cues from modality-specific
residuals. Conversely, using zpriv only results in
a drastic performance drop (∆ up to -16.4%), sug-
gesting that much of the affective information has
been removed from the private subspaces. This
double dissociation suggests that our framework
learns a more canonical and disentangled repre-
sentation without requiring explicit instance-level
annotations.

Table 3: Ablation Study on Latent Factorization.
Comparison of emotion recognition performance across
modalities when restricting information to specific la-
tent subspaces.

Modality Configuration Acc (%) ∆ (vs. Full)

Text
Full (zvad + zpriv) 50.0 –
Affective (zvad) 56.9 +6.9
Private (zpriv) 37.2 -12.8↓

Audio
Full (zvad + zpriv) 54.0 –
Affective (zvad) 56.7 +2.7
Private (zpriv) 38.3 -15.7↓

Video
Full (zvad + zpriv) 55.1 –
Affective (zvad) 54.0 -1.1
Private (zpriv) 38.7 -16.4↓
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Figure 3: Pearson correlation matrices between the shared affective subspace (zvad) and the private modality
subspace (zpriv) for text, audio, and video modalities. Each heatmap displays the intra-modal correlations among
the three affective dimensions (V, A, D) and their cross-subspace correlations with the average private modality
representation.

4.4 Zero-Shot Cross-Domain Transfer

To assess the generalizability of our learned man-
ifold, we conduct zero-shot transfer from IEMO-
CAP to MOSI and MOSEI. Unlike probing, we per-
form direct inference using the frozen IEMOCAP
encoder and correlate the resulting zvad[0] with
ground-truth sentiment. This label-free protocol
provides a direct evaluation of how well the learned
VAD space transfers across unseen domains.

We select MVAE and MISA as baselines because
their architectures are specifically designed to learn
structured latent representations, which—unlike
purely discriminative models—allow for a direct
and rigorous evaluation of whether the learned af-
fective ’coordinates’ remain valid under domain
shifts. While these paradigms were originally pro-
posed for joint inference or invariant feature extrac-
tion, they serve as the most structurally comparable
benchmarks for assessing the intrinsic generaliz-
ability of our proposed affective manifold.

Table 4: Zero-shot Domain Transfer (IEMOCAP →
MOSI/MOSEI). We evaluate the generalizability of the
learned affective manifold by performing direct infer-
ence on unseen datasets. Metrics reported are Pearson
Correlation (r) for Valence. All models are frozen after
training on IEMOCAP without any fine-tuning on the
target domains.

Method Latent Structure Target Performance (r) ↑
CMU-MOSI CMU-MOSEI

MVAE Entangled 0.13 0.15
MISA Invariant 0.26 0.28

Ours Canonical VAD 0.40 0.43

Table 4 presents the zero-shot transfer perfor-
mance from IEMOCAP to the MOSI and MO-
SEI datasets. Our model outperforms all base-

lines, achieving a Pearson correlation (r) of 0.40 on
MOSI and 0.43 on MOSEI. The low performance
of MVAE (0.13–0.15) suggests that entangled rep-
resentations are highly susceptible to domain noise
and speaker-specific variances. While MISA im-
proves results through invariant feature alignment,
it lacks the explicit semantic grounding provided
by our canonical VAD basis. These results suggest
that our model learns a more transferable affec-
tive manifold that remains better aligned across
datasets, rather than relying as heavily on dataset-
specific cues.

4.5 validation of factorization

To demonstrate that the learned affective manifold
shows useful generative steerability, we integrate
our framework with the Qwen2.5-3B large lan-
guage model (LLM) for controllable text gener-
ation. In this setup, the LLM remains frozen to
preserve its pre-trained linguistic knowledge, while
a lightweight trainable projector is optimized to
map the concatenated latent variables (zvad, zpriv)
into the LLM’s input embedding space. We adopt a
controlled perturbation strategy: we first utilize our
encoders to extract the private content vector zpriv
and the original affective state vorig from seed ut-
terances in the test set. By fixing zpriv to lock in
the core thematic information and speaker-specific
style, we perform linear interpolation along the
Shared Valence axis (zvad[0]) from −1.0 to +1.0.
This allows us to observe how the projector ef-
fectively steers the frozen LLM to re-interpret the
same underlying content across a continuous spec-
trum of affective intensities.

As illustrated in Table 5, the framework exhibits
a generally smooth semantic evolution across di-
verse themes. In Theme 2, for example, the gen-
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Table 5: Qualitative Demonstration of Controllable Emotion Manipulation via Latent Traversal. For each
theme, we extract the private content vector zpriv and the original affective state vorig using our encoders. We then
fix zpriv and traverse the shared valence axis zvad[0] from −1.0 to +1.0. The model generates sentences that strictly
preserve the core semantic topic while exhibiting a smooth tonal progression. Affective keywords are highlighted in
bold.

Valence Affective State Generated Text (Fixed zpriv content)

Theme 1: "My whole entire, bloody life time and time again."
Original Model VAD: [V : −0.614, A : 0.121, D : 0.469]

−1.0 Extreme Negative Feeling utterly hopeless, my life repeats endlessly in agony.
−0.5 Negative I’ve been stuck in this endless cycle of worry and anxiety for years.
0.0 Neutral In various instances throughout my life, I have faced this repeatedly.
+0.5 Positive I am filled with endless optimism for every moment ahead.
+1.0 Extreme Positive I’m bursting with excitement every single time; to experience this joy anew is thrilling!

Theme 2: "The business does not inspire me."
Original Model VAD: [V : −0.534, A : −0.280, D : 0.511]

−1.0 Extreme Negative Despite the bleak prospects, my spirit sinks lower than ever before in this failing enterprise.
−0.5 Negative Despite my concerns, the business still fails to excite or motivate me.
0.0 Neutral Despite my lack of enthusiasm, I do not find the business inspiring.
+0.5 Positive Instead of feeling uninspired, I look forward to what the business can achieve.
+1.0 Extreme Positive I am thrilled and energized by the business potential!

Theme 3: "Yes. On this I would."
Original Model VAD: [V : 0.580, A : 0.141, D : −0.168]

−1.0 Extreme Negative Feeling utterly defeated, I say simply "Yes. On this I would not."
−0.5 Negative I feel worry and anxiety saying yes, on this I would.
0.0 Neutral Yes. As for this, I agree.
+0.5 Positive With great positivity, I agree on this point; to my confidence, it holds true.
+1.0 Extreme Positive Yes! On this I am extremely excited to agree!

erated output transitions logically from describ-
ing "bleak prospects" to a neutral "not inspiring"
statement, and finally to being "thrilled and ener-
gized" by business potential. Crucially, the core the-
matic anchors—such as "life repeats," "business,"
or "agreement"—remain largely stable during af-
fective changes. This thematic constancy provides
evidence that zpriv retains non-affective semantic
information, while the projector maps zvad coordi-
nates into usable affective guidance for the LLM.
Furthermore, the observation that the model’s orig-
inal VAD estimates vorig align closely with hu-
man intuition suggests that the learned manifold
supports a coherent perception-to-manipulation
pipeline, making affective variation more inter-
pretable in the learned latent space.

5 Conclusion
In this work, we addressed the challenge of learn-
ing a structurally interpretable affective manifold
from heterogeneous multimodal data by proposing
a Canonical Disentangled Multimodal Generative
Framework. Our comprehensive experimental eval-

uation provides several empirical findings. First,
the distinct "double dissociation" observed in our
linear probing tasks suggests that affective states
and modality-private attributes function as orthogo-
nal latent factors, which can be explicitly disentan-
gled via generative constraints. Second, the smooth
semantic transitions observed in the latent traversal
experiments provide support for the effectiveness
of our Dual-Anchoring Strategy. These results sug-
gest that abstract affective semantics have been
successfully grounded into a controllable and psy-
chologically interpretable coordinate system, dis-
tinguishing our approach from unstructured latent
representations. Future work will explore extend-
ing this manifold to capture complex non-linear
dynamics, such as mixed emotions.

6 Limitation
While our framework establishes a useful canonical
manifold, several directions remain open for further
study. First, anchoring the shared affective space to
a fixed three-dimensional VAD coordinate system
offers a practical and psychologically grounded
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prior, though richer emotional phenomena such as
mixed states, culturally dependent expressions, and
context-sensitive transitions may benefit from more
adaptive or non-linear representations. Second, our
affective/private decomposition is best understood
as a modeling abstraction that improves analysis
and control, rather than as a claim that these fac-
tors are fully independent in natural multimodal
behavior, where lexical content, speaker identity,
prosody, and facial style often remain partially cou-
pled. Third, our generative analyses mainly focus
on controllable text generation and latent traver-
sal as diagnostic tools for representation quality;
extending this validation to raw audio or video gen-
eration, perceptual quality assessment, and broader
human evaluation would further strengthen the pic-
ture. Finally, our experiments primarily emphasize
cross-domain transfer and disentanglement behav-
ior, and future work can broaden this evaluation
with additional in-domain analyses and compar-
isons to newer multimodal systems.
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