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Abstract—Speech Emotion Recognition (SER) in low-resource
languages deals with the scarcity of labeled corpora and the
instability of learned representations when transferred across
diverse recording conditions and speaker demographics. This
study introduces Conditional Tri-Factor Low-Rank Adaptation
(C-TRILORA), a multi-task architecture that jointly performs
automatic speech recognition (ASR) and SER on Kazakh
speech while generalizing reliably across corpora. The proposed
model extends a pre-trained Whisper encoder–decoder back-
bone through three primary innovations: a Tri-LoRA routing
module that disentangles lexical, emotional, and speaker latent
factors; CORAL domain alignment that matches second-order
statistics between source and target domains without target
labels; and a gradient reversal layer (GRL) that suppresses
speaker-identity information. Experimental evaluations on the
KazEmoTTS and ENU KEMO datasets demonstrate that C-
TRILORA achieves a competitive in-domain Macro-F1 of 86.09%
and significantly outperforms standard baselines in cross-corpus
conditions (41.44% Macro-F1 versus 37.34% for the Shared-Head
baseline). McNemar and Wilcoxon signed-rank tests confirm
that explicit factor disentanglement is essential for cross-corpus
robustness. These results show that separating speech components
effectively mitigates negative transfer, making C-TRILORA a
practical approach for low-resource SER deployment.
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I. INTRODUCTION

Over the past decade, deep learning has transformed speech
emotion recognition, yet most of this progress has concentrated
on a handful of well-resourced languages such as English and
Mandarin [1], [2]. Languages with limited data infrastructure
remain largely overlooked. Kazakh is one such case: a Turkic
language with around 18 million speakers whose emotional
speech has received little systematic attention, partly because
publicly available, labeled corpora for it are scarce [3]. With-
out adequate training data, building SER systems that work
reliably in Kazakh is difficult from the outset.

Beyond data scarcity, a pervasive challenge in deploying
SER systems is corpus dependency, commonly referred to
as the cross-corpus generalization problem. Acoustic repre-
sentations learned by deep neural networks are notoriously
brittle; they tend to conflate paralinguistic affective cues
with domain-specific artifacts such as recording conditions,
background noise, and speaker demographics [4], [5]. When
a model trained on a specific source dataset is evaluated
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on an unseen target dataset, performance typically degrades
significantly due to this covariate shift. Existing approaches to
mitigate domain shift, such as adversarial domain adaptation
and self-supervised learning, often treat the acoustic signal as a
monolithic entity [6], [7], [8]. They generally fail to explicitly
disentangle the underlying factors of speech, namely, lexical
content, emotional prosody, and speaker identity, which limits
their effectiveness in highly variable, cross-corpus scenarios.

To address these limitations, recent advancements have
increasingly focused on mitigating the computational costs
of large pre-trained models and the performance degradation
caused by domain shifts in data-scarce environments. For
instance, parameter-efficient fine-tuning (PEFT) techniques,
particularly Low-Rank Adaptation (LoRA), have been suc-
cessfully applied to foundation models like Whisper to extract
robust emotional representations with minimal trainable pa-
rameters [9]. Furthermore, researchers have recently leveraged
transfer learning and transformer-based paradigms to enhance
cross-lingual and cross-corpus generalization [10]. However,
aligning the feature distributions between mismatched source
and target datasets remains a critical bottleneck. Consequently,
contemporary cross-corpus SER frameworks are increasingly
adopting advanced domain adaptation strategies, such as ad-
versarial domain generalization [11] and classification incon-
sistency alignment [12]. These ongoing trajectories underscore
the necessity of synergizing PEFT with unsupervised domain
alignment and explicit factor disentanglement.

Within speech emotion recognition specifically, self-
supervised transformer representations combined with
lightweight fine-tuning have improved robustness in data-
scarce conditions [13], and multi-task learning coupled
with subdomain adaptation has been used to bridge the
feature-distribution gap between mismatched corpora [14].

Motivated by these findings, this study develops C-
TRILORA, a multi-task architecture for cross-corpus Kazakh
SER. Rather than applying standard fine-tuning to a pre-
trained Whisper backbone [15], we introduce a Tri-LoRA
routing module that splits the shared speech representation into
three separate streams:lexical, emotional, and speaker; each
processed by its own low-rank adapter. This separation is the
core design choice, aimed directly at the corpus dependency
problem. The three main contributions of the work are:

• Architectural innovation: A Tri-LoRA routing module
is integrated into a pre-trained Whisper backbone,
explicitly decomposing shared representations into
disentangled lexical, emotional, and speaker latent
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factors.

• Unsupervised domain alignment: Correlation Align-
ment (CORAL) is integrated directly into the emo-
tional latent space, successfully matching second-
order statistics between source (KazEmoTTS) and
target (ENU KEMO) domains without requiring la-
beled target data [3], [15]. This is coupled with a
gradient reversal layer (GRL) to suppress speaker-
identity leakage.

• Validation in a low-resource context: The efficacy
of this approach is demonstrated on Kazakh speech,
showing that explicit factor disentanglement signif-
icantly mitigates negative transfer and outperforms
standard baseline models in cross-corpus SER tasks.

II. RELATED WORK

A. Speech Emotion Recognition in Low-Resource Languages

Modern SER systems achieve strong results on richly
resourced languages, supported by large corpora and by two
decades of feature-engineering and benchmark work [1], [2].
For low-resourced languages, including Kazakh, progress is
constrained by the absence of large labeled emotional corpora.
The KazEmoTTS corpus [3] was released primarily for emo-
tional text-to-speech rather than recognition, and recent mul-
timodal efforts target low-resource settings explicitly [20]. A
complementary direction reduces the labelled-data requirement
through transfer learning and transformer architectures [10],
[8]. These studies establish that low-resource SER is feasible,
but remains sensitive to the conditions under which the training
data were collected.

B. Cross-Corpus SER and Unsupervised Domain Adaptation

Cross-corpus SER addresses the realistic case in which
training and test data are taken from different corpora with
mismatched recording environments, speakers, languages, and
elicitation styles. Classical solutions align feature distributions
through subspace learning or transfer factorization, while deep
approaches minimise an explicit domain discrepancy. Domain-
adversarial training (DANN) [7] learns domain-invariant fea-
tures through a gradient reversal layer, and Deep CORAL
[16] aligns the second-order statistics of source and target
representations. Self-supervised adversarial domain adaptation
has further been applied jointly to cross-corpus and cross-
language SER [25]. Recent transformer-based methods push
this further: adversarial domain-generalised transformers [11],
classification inconsistency alignment networks [12], multitask
transformers that jointly model auxiliary tasks for cross-corpus
transfer [22], source-free contrastive adaptation networks [27],
and the mining of corpus-invariant emotional acoustic features
[26]. A separate line of work disentangles speaker identity
from affect through adversarial speaker-invariant represen-
tation learning [28], which directly motivates the speaker-
suppression component used in this work. A recurring limi-
tation of most of these methods is that they treat the acoustic
embedding as a single monolithic vector and align it as a
whole, without separating the lexical, affective, and speaker
components that respond differently to domain shift.

C. Parameter-Efficient Fine-Tuning of Speech Foundation
Models

Large self-supervised and weakly-supervised speech mod-
els such as wav2vec 2.0 [6], HuBERT [24], WavLM [23],
and Whisper [17] provide powerful general-purpose repre-
sentations, but full fine-tuning is expensive and prone to
catastrophic forgetting in data-scarce regimes. Compact task-
adapted variants such as Vesper [29], and parameter-efficient
fine-tuning: Low-Rank Adaptation (LoRA) [18] in particular
– instead update a small number of parameters while freezing
the backbone, and have been shown effective for SER [9].
Existing PEFT-for-SER work, however, adapts the backbone
with a single shared adapter and does not couple PEFT with
explicit factor disentanglement or unsupervised cross-corpus
alignment.

D. Research Gap

In summary, prior cross-corpus SER methods align a
monolithic embedding, PEFT-SER methods use a single shared
adapter without domain alignment, and low-resource SER
work rarely evaluates cross-corpus transfer at all. The present
work closes this gap by combining, within a single parameter-
efficient model, three elements:

• A Tri-LoRA router that explicitly disentangles lexical,
emotional, and speaker factors;

• CORAL alignment applied selectively to the emo-
tional factor;

• Adversarial speaker suppression.

The resulting combination is validated on a genuinely low-
resource language (Kazakh) under cross-corpus evaluation.

III. METHODS

A. Problem Formulation

The fundamental objective of this study is to learn a robust
emotion classifier capable of generalizing across different
speech corpora without requiring target-domain labels during
training. Let Eq. (1) denote the source corpus, where xi

represents a raw speech waveform, yei ∈ {0, . . . , E − 1} is
the emotion label, yti is the word-level transcript, and ysi is the
speaker identity. Concurrently, let Eq. (2) denote the unlabelled
target corpus utilized exclusively for domain alignment. The
goal is to optimize a classification function, Eq. (3), that
maintains high predictive accuracy on both the source domain
DS and the unseen test partition of the target domain DT .

DS = {(xi, y
e
i , y

t
i , y

s
i )}Ni=1 (1)

DT = {xj}Mj=1 (2)
f : x 7−→ ye (3)

B. Backbone Architecture: Kazakh Whisper

The proposed Conditional Tri-Factor Low-Rank Adaptation
(C-TRILORA) architecture, as shown in Fig. 1, utilizes a
pre-trained encoder–decoder backbone based on the Whisper
architecture, which was originally developed as a robust, large-
scale multilingual speech recognition system trained on weakly
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supervised data [17]. Specifically for this study, the model is
initialized using a Kazakh-adapted Whisper-small checkpoint
[15], which was previously fine-tuned on 335 hours of Kazakh
read speech. The encoder module, denoted as E , maps an input
log-Mel spectrogram X ∈ R80×T into a sequence of hidden
states H = E(X) ∈ RT ′×d, where the hidden dimension
d = 768. To interface with the subsequent routing modules, a
mean-pooled representation h̄ is computed across the temporal
dimension, as in Eq. (4):

h̄ =
1

T ′

T ′∑
t=1

Ht (4)

Whisper was chosen over encoder-only self-supervised
models such as wav2vec 2.0 [6], HuBERT [24], and WavLM
[23] for three reasons. First, it is an encoder–decoder model, so
it natively supports the auxiliary ASR objective that grounds
the lexical factor; encoder-only backbones would require an
externally attached decoder for sequence-to-sequence tran-
scription. Second, Whisper is trained on large-scale weakly-
supervised, multi-condition data [17], which yields represen-
tations that are comparatively robust to the channel and noise
variation that characterises cross-corpus evaluation. Third, and
decisively for the low-resource setting, a Kazakh-adapted
Whisper-small checkpoint fine-tuned on 335 hours of Kazakh
speech is publicly available [15]; no comparable in-language
checkpoint exists for the alternative backbones, so initialising
from Whisper provides a substantially stronger starting point
for Kazakh.

C. Parameter-Efficient Fine-Tuning and Tri-LoRA Routing

To adapt the Whisper backbone efficiently without catas-
trophic forgetting or excessive computational overhead, Low-
Rank Adaptation (LoRA) is applied to all attention projection
matrices (WQ,WK ,WV ,WO) in both the encoder and the
decoder [18]. For any given frozen pre-trained weight matrix
W0, the adapted weight W ′ is computed as in Eq. (5):

W ′ = W0 +∆W = W0 +
α

r
BA (5)

where, A ∈ Rr×d and B ∈ Rd×r are trainable low-
rank matrices, r = 16 is the rank, and α = 32 is a scaling
factor. This parameter-efficient strategy reduces the trainable
parameter count to approximately 0.31% of the total backbone.
The routing module and the three auxiliary heads add only a
small number of further trainable parameters on top of the
LoRA adapters; a detailed profiling of the additional training-
time and inference overhead they introduce is identified as a
direction for future work.

The core architectural innovation of this framework is the
Tri-LoRA Routing Module. Instead of relying on a single
shared embedding, this module decomposes the pooled rep-
resentation h̄ into three semantically specialized, disentangled
latent factors: the lexical factor zlex, the emotional factor zemo,
and the speaker factor zspk. Each factor is processed through
an independent low-rank adapter stream gated by learned soft
routing weights, ensuring that the model explicitly isolates
affective cues from confounding linguistic and demographic
variables.

D. Unsupervised Domain Alignment and Optimization

To directly mitigate corpus dependency and domain shift,
Correlation Alignment (CORAL) is integrated into the emo-
tional latent space [16]. The CORAL objective minimizes
the Frobenius-norm distance between the covariance matrices
(second-order statistics) of the source and target zemo distribu-
tions. Furthermore, to suppress the leakage of speaker-identity
information into the emotion representations, a Gradient Rever-
sal Layer (GRL) is applied to zemo during adversarial training
[7].

The total training objective L is formulated as a weighted
sum of five distinct loss components:

• Automatic Speech Recognition Loss (LASR): Cross-
entropy loss from the Whisper decoder to ground zlex
in lexical semantics.

• Speech Emotion Recognition Loss (LSER): Weighted
cross-entropy for emotion classification.

• Speaker Classification Loss (LSPK): Cross-entropy to
explicitly capture speaker traits in zspk.

• Counterfactual Loss (LCF): A margin-based penalty
enforcing the separation of lexical and emotional
variations for in-batch pairs sharing transcripts but
differing in emotion.

• CORAL Loss (LCORAL): The unsupervised covariance
alignment term.

After training, post-hoc temperature scaling is applied to
the output logits to optimize probabilistic calibration and
reduce the Expected Calibration Error (ECE) [19].

E. Speech Emotion Datasets

To evaluate the proposed C-TRILORA architecture, par-
ticularly its cross-corpus generalization capabilities, this study
utilizes two distinct Kazakh speech emotion corpora:

• KazEmoTTS (Source Domain): This dataset serves as
the primary labeled source domain (DS) for training.
It consists of high-quality, studio-recorded Kazakh
emotional speech originally developed for text-to-
speech applications [3], and comprises six emotion
categories (neutral, angry, happy, sad, fear/scared, and
surprise).

• ENU KEMO (Target Domain): This dataset serves as
the unlabeled target domain (DT ) for the unsuper-
vised Correlation Alignment (CORAL) and is sub-
sequently used to evaluate cross-corpus performance.
ENU KEMO features different acoustic conditions
and speaker demographics compared to KazEmoTTS,
providing a robust testbed for covariate shift [20].

F. Experimental Setup and Evaluation Metrics

All acoustic inputs were standardized. Raw audio wave-
forms were resampled to 16 kHz, and 80-dimensional log-
Mel spectrograms were extracted using a 25 ms window and a
10 ms hop size to match the input requirements of the Whisper
encoder.
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Fig. 1. The proposed C-TRILORA architecture illustrating the Tri-LoRA routing module for factor disentanglement and the CORAL module for domain
alignment.

To rigorously assess the performance of the emotion clas-
sification, the primary evaluation metric used is Unweighted
Average Recall (UAR). UAR is standard in speech emotion
recognition tasks because it prevents majority-class bias in
imbalanced datasets by calculating the accuracy independently
for each emotion class and then averaging the results. Macro-
F1 is reported alongside UAR throughout, as it likewise
weights all emotion classes equally while being sensitive to
false positives.

Additionally, to validate the statistical significance of the
performance improvements yielded by the Tri-LoRA routing
and CORAL components, two statistical tests were employed:
McNemar’s test, used to assess the statistical significance of
differences in classification outcomes between the baseline and
proposed models; and the Wilcoxon signed-rank test, applied
to compare the paired differences in model performance across
different experimental folds [21].

All models were trained using the AdamW optimizer with
a learning rate of 1×10−4, linear warmup over the first 10% of
steps, and weight decay of 0.01, for 5 epochs with a batch size
of 16 on a single NVIDIA A100 GPU (40 GB) using mixed-
precision (fp16). The LoRA rank was r = 16 with scaling
factor α = 32. Multi-task loss weights were set empirically:
λASR = 0.3, λSER = 1.0, λSPK = 0.5, λCF = 0.2, and
λCORAL = 0.1. KazEmoTTS was split 80/10/10 for training,
validation, and testing; ENU KEMO was used exclusively for
unsupervised domain alignment and cross-corpus evaluation.

IV. RESULTS AND DISCUSSION

A. In-Domain and Cross-Corpus Classification Performance

The primary objective of this study was to evaluate the
efficacy of the proposed C-TRILORA architecture under cross-

corpus evaluation scenarios, where the model is tested on un-
seen target data (ENU KEMO) after being trained exclusively
on the source domain (KazEmoTTS). Table I presents the clas-
sification performance across all model variants. Furthermore,
the overall training stability and the convergence of the distinct
multi-task loss components over the five epochs are illustrated
in Fig. 2.

On the in-domain KazEmoTTS test set, the C-TRILORA
model achieved strong performance with a Macro-F1 score
of 86.09%. While the standard Shared Head baseline slightly
outperformed the proposed model in-domain (Macro-F1 =
89.69%), this is a well-documented phenomenon in represen-
tation learning. The Shared Head overfits to the joint statistics
of the source domain’s recording conditions and actor pool.
Consequently, its representations are optimal for in-domain
discrimination but highly fragile under distributional shift.
Conversely, in the cross-corpus evaluation on ENU KEMO,
C-TRILORA demonstrated superior robustness, achieving a
Macro-F1 of 41.44% and significantly outperforming the
Shared Head baseline (37.34%).

This confirms that explicitly disentangling the lexical,
emotional, and speaker factors sacrifices a marginal amount
of in-domain specificity in exchange for a substantial increase
in cross-domain transferability. This preservation of class
separability and domain-invariant clustering under covariate
shift is visually corroborated by the t-SNE projections of the
emotional latent space (zemo) presented in Fig. 3.

B. Ablation Study and the Role of Domain Alignment

To isolate the contribution of each architectural component,
an extensive ablation study was conducted. As illustrated
in Fig. 4, the removal of any single component resulted
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TABLE I. MACRO-F1 CLASSIFICATION PERFORMANCE OF THE
C-TRILORA ARCHITECTURE AND ITS ABLATION VARIANTS.

Model Configuration KazEmoTTS ENU KEMO
(In-Domain) (Cross-Corpus)

Shared Head (Baseline) 0.897 0.374
Full C-TRILORA (Proposed) 0.861 0.414
SER Only 0.722 0.255
No Orthogonality 0.638 0.264
No CORAL 0.615 0.211
No GRL 0.606 0.256
No Counterfactual 0.603 0.264
CORAL Only 0.578 0.239
ASR Only 0.057 0.051

(a) Validation metrics (accuracy and Macro-F1) over 5 epochs on the in-domain
and cross-corpus sets.

(b) Stacked decomposition of the multi-task training loss (ASR, SER,
Orthogonality, Counterfactual, CORAL).

Fig. 2. Training and validation progression of the C-TRILORA architecture
over 5 epochs.

in a degradation of cross-corpus performance. To rigorously
validate these performance drops, statistical significance was
assessed using McNemar’s test. As shown in the heatmap in
Fig. 5, the cross-corpus performance degradation observed in
all ablation variants is statistically significant (p < 0.05) when
compared to the full C-TRILORA architecture.

Most notably, as visualized in the waterfall chart in Fig. 6,
the removal of the Correlation Alignment (CORAL) objective
caused a dramatic 17.5 to 19.3 percentage point absolute drop

(a) In-domain (KazEmoTTS test)

(b) Cross-corpus (ENU KEMO)

Fig. 3. t-SNE visualizations of the emotional latent space zemo, illustrating
the preservation of class separability under domain shift.

in Macro-F1 on the ENU KEMO dataset depending on the
specific configuration. This finding underscores the centrality
of second-order distribution matching for cross-corpus Speech
Emotion Recognition (SER). This empirical result strongly
aligns with established domain adaptation theory, which posits
that minimizing the discrepancy in the covariance structure of
source and target distributions provides a mathematical upper
bound reduction on target-domain generalization error [4].

Furthermore, the CORAL-only variant only achieved a
23.91% Macro-F1. This indicates that unsupervised domain
alignment alone is insufficient. It must be synergistically
paired with explicit factor disentanglement to prevent neg-
ative transfer. We further note that two of these ablation
configurations double as implicit comparisons to standard
domain-adaptation baselines: the CORAL-only variant instan-
tiates Deep CORAL [16], and the gradient-reversal component
corresponds to domain-adversarial training (DANN) [7]. The
full C-TRILORA surpasses both, indicating that explicit factor
disentanglement adds value beyond these established align-
ment strategies; a broader empirical comparison against further
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published cross-corpus systems [11], [12], [22], [27], [26] re-
implemented under an identical Kazakh protocol is identified
as future work.

(a) In-domain KazEmoTTS test set.

(b) Cross-corpus ENU KEMO dataset.

Fig. 4. Ablation study: Macro-F1 across model configurations.

Fig. 5. Heatmap of p-values from McNemar’s test, confirming the statistical
significance of performance differences between the full C-TRILORA model

and its ablation variants on the ENU KEMO dataset.

Fig. 6. Waterfall chart illustrating the absolute reduction (delta) in
cross-corpus Macro-F1 on the ENU KEMO dataset when individual

architectural components are removed from the full C-TRILORA model.

C. Error Analysis and Valence-Axis Shift

A detailed per-class analysis of the cross-corpus predictions
reveals a systematic pattern consistent with previous theoretical

studies on the “valence bottleneck” in SER [5]. The confusion
matrices in Fig. 7 demonstrate that high-arousal emotions with
unambiguous, biologically driven prosodic signatures such as
fear and neutral affect generalized relatively well across the
two Kazakh corpora.

However, as highlighted by the per-class distribution in
the radar plot (Fig. 8), mid-valence emotions like happiness
and sadness suffered the most severe performance drops.
The model exhibited systematic over-prediction of sadness
and confusion between happy and sad states when tested on
ENU KEMO. This aligns with broader SER literature indicat-
ing that the acoustic realizations of mid-valence emotions vary
substantially across different speaker demographics, recording
setups, and elicitation styles (e.g., read speech versus acted
speech). Explicitly mapping these nuanced valence differences
without target-domain labels remains a fundamental challenge.

(a) KazEmoTTS test set.

(b) Cross-corpus ENU KEMO.

Fig. 7. Confusion matrices of the proposed C-TRILORA model.

D. Probabilistic Calibration

Finally, the probabilistic calibration of the network was as-
sessed using the Expected Calibration Error (ECE). As shown
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Fig. 8. Radar plot of per-class F1-scores for the ENU KEMO cross-corpus
evaluation across ablation variants, demonstrating the “valence bottleneck”

for mid-arousal emotions such as happiness and sadness.

in Fig. 9, before calibration, the model exhibited slight over-
confidence in-domain (ECE = 6.44%). Post-hoc temperature
scaling successfully reduced this to 5.15%. However, under
cross-corpus domain shift, the raw ECE rose substantially
to 19.44%, reflecting systematic overconfidence on out-of-
distribution data.

Crucially, applying the optimal in-domain temperature pa-
rameter actually worsened the cross-corpus ECE to 23.12%,
confirming that standard temperature scaling does not seam-
lessly transfer across domains. This highlights a critical area
for future research in domain-adaptive calibration for affective
computing architectures.

(a) In-domain KazEmoTTS test set.

(b) Cross-corpus ENU KEMO dataset.

Fig. 9. Reliability diagrams comparing model accuracy against confidence
(ECE) before and after post-hoc temperature scaling.

V. CONCLUSION

This study successfully addressed the challenge of cross-
corpus covariate shift in low-resource speech emotion recogni-
tion through the development of the C-TRILORA architecture

for Kazakh speech. The integration of a Tri-LoRA routing
module separated lexical, emotional, and speaker represen-
tations, which, when combined with unsupervised CORAL
domain alignment, reduced the fragility of standard acoustic
models. Experimental results confirmed that this parameter-
efficient approach significantly outperforms baseline models
on unseen target domains by preserving domain-invariant
affective features. Taken together, the results support the value
of both feature disentanglement and second-order distribution
matching for deploying reliable affective computing systems
in low-data settings.

This study nevertheless has several limitations, which in
turn define clear directions for future work. First, the evaluation
is currently restricted to two Kazakh corpora; extending it
to additional Kazakh datasets and, importantly, to other low-
resource languages is a priority for establishing broader gen-
erality. Because the Tri-LoRA router, the CORAL alignment,
and the gradient reversal layer make no language-specific as-
sumptions (only the Whisper backbone checkpoint is language-
dependent, and multilingual Whisper checkpoints are readily
available), the architecture is expected to transfer to other
languages, and a cross-lingual evaluation is planned. Second,
beyond the internal Shared-Head baseline and the ablation
variants two of which, the CORAL-only and gradient-reversal
configurations, already correspond to the established Deep
CORAL and DANN baselines - a comprehensive empirical
comparison against the recent published cross-corpus systems
surveyed in Section II, re-implemented under an identical
Kazakh protocol, is an important next step. Third, the multi-
task loss weights were set empirically; a systematic sensitivity
analysis and joint optimisation of these weights remain to be
carried out. Fourth, a detailed profiling of the computational
cost: the additional training time, FLOPs, peak memory, and
inference latency introduced by the routing module relative to
the baseline is left for future work. Finally, the cross-corpus
gains, while statistically significant, are not large in absolute
terms, and the valence bottleneck for mid-arousal emotions
together with domain-adaptive probabilistic calibration remain
open problems for affective computing in low-data settings.
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