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Abstract

We introduce CoPRIME (Contrastive Probabilis-
tic Routing for IMbalanced tokens with ELBO-
regularized mixture of experts), a probabilistic
routing framework for multimodal representation
learning that generalizes multimodal representa-
tion learning beyond vision-text by tackling the
fundamental challenge of extreme token imbal-
ance across modalities. This imbalanced-ness is
particularly pronounced between spectrogram-
tokenized audio and text. COPRIME augments
contrastive pretraining with an ELBO-regularized
routing objective that jointly promotes 1) expert
specialization, requiring experts to explain the to-
kens they receive, and 2) diverse utilization via
KL regularization to a uniform prior. To stabilize
routing, we further replace standard CoV-based
regularizers with entropy-based importance and
load losses, yielding smoother gradients and flex-
ible, modality-aware routing without rigid uni-
formity constraints. On MOSEI and IEMOCAP
datasets, COPRIME achieves state-of-the-art zero-
and few-shot emotion and sentiment results, out-
performing dense Transformers and prior multi-
modal MoE variants while retaining the efficiency
of sparse conditional computation. Ablations iso-
late the role of each loss and show that ELBO is
the primary driver of stable specialization under
modality imbalance, with entropy-based regulariz-
ers further improving convergence and utilization.

1 INTRODUCTION

The success of multimodal contrastive learning, as exem-
plified by CLIP (Radford et al.|2021)) and SimCLR (Chen
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et al.| 2020alb), has demonstrated the ability to learn high-
quality representations that generalize well to a wide range
of downstream tasks. Pre-training on large-scale datasets
enables such models to achieve zero-shot transferability
and robustness to distribution shifts (Chen et al.l 2023} Xue
et al., 2023 Ming and Lil [2024; Nakada et al., 2023 Ren
and Lil [2023)). In parallel, conditional computation (Bengio),
2013) has emerged as a strategy to increase model capacity
while maintaining a roughly constant training and inference
cost by selectively activating subsets of model parameters
for different inputs. In NLP, sparsely activated Mixture of
Experts (MoEs) have gained traction (Shazeer et al., 2017}
Lepikhin et al.,|[2020; |[Fedus et al., |2022), enabling efficient
training and inference while scaling up to trillion-parameter
models. MoEs have also been effectively applied to vision
(Riquelme et al., 2021} [Lou et al.l 2021), text (Lepikhin
et al.| 2020} [Zoph et al., 2022), and most recently, multi-
modal models (Mustafa et al., [2022). MoEs are a natural
fit for a multimodal backbone, since expert layers can learn
an appropriate partitioning of modalities. LIMoE (Mustafa
et al.,[2022), as the first proposed multimodal MoEs, identi-
fied unique failure modes that arise when integrating multi-
ple modalities in a single MoE framework. To address those,
they adopted customized entropy-based regularization tech-
niques to stabilize the multimodal MoEs training.

Intuitively, the sparse MoEs models may better handle dis-
tinct downstream tasks with low-data settings as their pri-
mary motivation is to scale model parameters while keeping
computational costs in check by activating only a fraction
of model parameters in both pre-training and inference time.
Additionally, MoEs’ sparse nature offers benefits such as
mitigating catastrophic forgetting in continual learning (Col4
lier et al.,|2020) and enhancing multitask learning (Ma et al.}
2018)). Sparse MoEs introduce an inductive bias that aligns
well with specialized tasks, as they preserve task-specific
learned knowledge. This knowledge is effectively trans-
ferred to new downstream tasks through the dynamic and
selective activation of parameter subsets during inference.

Building on these advancements, we further investigate the
application of sparse MoEs to multimodal setting. In par-
ticular, we propose a single multimodal MoEs architecture
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Figure 1: CoPRIME, a sparsely activated contrastive ELBO-
regularized multimodal model.

It was a beautiful day

that aligns audio and text representations using contrastive
learning (Radford et al., 2021). We refer to our resulting
model as CoPRIME (Contrastive Probabilistic Routing for
IMbalanced tokens with ELBO-regularized mixture of ex-
perts) a probabilistic routing framework that generalizes
multimodal representation learning beyond vision-text to
the especially challenging audio-text case. The majority of
existing multimodal literature is on image-text which is fu-
eled by the availability of large public datasets. Extension
to audio is possible by transforming raw audio waveforms
into sequences of discrete tokens analogous to text.

In this work, we leverage a Vision Transformer (ViT)-style
(Dosovitskiy et al.| 2021) tokenization on the spectrogram
of audio and integrating it into a multimodal contrastive
learning framework. We couple ViT-style spectrogram tok-
enization with a shared Transformer and sparse expert layers,
enabling efficient contrastive alignment without modality-
specific encoders or decoders. While recent vision-text mod-
els such as CLIP (Radford et al.,2021)) have demonstrated re-
markable success despite token disparities, audio-text mod-
eling suffers from a far more severe imbalance, as spectro-
gram tokenization produces disproportionately many audio
tokens relative to text. CoPRIME specifically targets this

distinct challenge not fully explored in prior multimodal
MoE work: the extreme token imbalance. To address this,
we design specialized loss functions including an Evidence
Lower Bound (ELBO) loss combined with entropy-based
auxiliary losses that are rooted in principles of probabilistic
regularization and information theory. In particular, we pro-
pose an ELBO-regularized routing objective that encourages
expert specialization while preventing expert collapse. The
ELBO loss achieves this by maximizing the marginal likeli-
hood of modality-specific experts, ensuring that the selected
experts effectively model the assigned tokens. Additionally,
it regularizes the expert marginal probability distribution
toward a uniform prior by minimizing the Kullback-Leibler
(KL) divergence between the prior and the expert likelihood
conditioned on a modality. To further stabilize training, we
reformulate standard MoE regularizers into entropy-based
importance and load losses (instead of Coefficient of Vari-
ation (CoV)-based), which promote balanced yet flexible
routing by maximizing entropy rather than imposing hard
constraints, complemented by Z-loss and Mutual Informa-
tion (MI) for additional stability and diversity. Finally, we
distinguish ELBO from other auxiliary objectives through
a dedicated weighting factor Agpo, reflecting its central
role in balancing specialization and diversity under extreme
modality imbalance. These objectives promote diverse yet
balanced expert usage and in turn prevent a subset of ex-
perts from dominating due to modality bias. In summary,
our contributions are as follows:

* Unified contrastive MoE: We present CoOPRIME, a uni-
fied sparse MoE framework for multimodal contrastive
learning that explicitly addresses the severe token im-
balance across modalities, enabling stable and effective
cross-modal alignment.

* ELBO-regularized routing for modality imbalance: We
introduce an ELBO objective that 1) rewards experts
for explaining the tokens they receive, and 2) applies a
KL prior to prevent expert collapse, directly addressing
the extreme audio-text token imbalance that destabi-
lizes multimodal MoEs.

* Entropy-based routing stabilizers: We replace CoV-
style importance and load loss terms in standard MoE
with entropy-based counterparts (complemented by Z-
loss and MI) to encourage balanced yet flexible expert
utilization, yielding smoother gradients and more sta-
ble training under sparse, top-k routing.

» Comprehensive validation: On MOSEI and IEMOCAP
datasets (zero and few-shot, cross and intra-domain),
CoPRIME consistently outperforms dense and LIMoE-
style baselines, ablations show ELBO is the primary
driver of gains, with entropy-based losses improving
utilization and convergence.
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2 PROPOSED METHOD

2.1 CoPRIME Model Architecture

We propose a unified Transformer-based architecture
(Vaswani, [2017) for processing both audio and text modali-
ties, leveraging a shared encoder design that facilitates mul-
timodal learning. Figure [T)illustrates our proposed model
architecture.

Audio Tokenization using Spectrogram For audio, raw
waveform data is first transformed into a spectrogram rep-
resentation in time-frequency domain which is well-suited
for capturing temporal and spectral features. This represen-
tation is subsequently tokenized using a Vision Transformer
(ViT)-style approach (Dosovitskiy et al.,|2021)), where the
spectrogram is divided into non-overlapping patches of
size P x P. Each patch is flattened into a vector, and lin-
early projected into a fixed-dimensional token embedding,
embaudio = Wpatch* ﬂatten(spatch) +bpatch5 where Spatch
is a spectrogram patch, Wiyqsch and bpqtcp, are learnable pa-
rameters for the linear embedding layer.

Text Tokenization For text, we utilize a standard senten-
cepiece tokenizer (Kudo and Richardsonl 2018)) to encode
input sequences into discrete tokens, which are then mapped
to the desired embedding dimension using a learned vocabu-
lary and a linear projection layer, embye,t = Wy - t;q, where
t;q is the one-hot token ID, and W is the text embedding
matrix. The linear embedding layers for text and audio have
the same dimensionality. These modality-specific embed-
ding layers ensure that audio and text data are projected into
a shared feature space with consistent dimensionality.

After the linear projection layers, the embeddings are aug-
mented with an extra flag token to specify which modality
the token belongs to.

Shared Dense Transformer Encoder Layers Once to-
kenized, the audio and text tokens are concatenated and
passed through a shared Transformer encoder. This shared
encoder design is intentionally modality-agnostic, mean-
ing that it processes audio and text tokens without ex-
plicit conditioning on modality type. The Transformer en-
coder, consisting of self-attention and feedforward layers,
processes all tokens jointly, allowing for implicit cross-
modal interaction, knowledge transfer, and alignment dur-
ing representation learning. The output token representa-
tions from the final layer of the Transformer are average-
pooled along the sequence dimension to generate a single
modality-specific representation vector z,,, for each input,
where m € {audio, text}. To train the model, we employ a
contrastive learning objective (Radford et al., 2021} [Yuan
et al.| 2021} 'Yu et al., [2022) that encourages paired audio
and text inputs to have similar representations in the shared
latent space while ensuring that unpaired inputs are dis-

similar. Specifically, the representations z,ugi, and zex are
linearly projected using modality-specific weight matrices
Waundio and Wiy, respectively, to produce the final repre-
sentations, {(WaudioZa, , Wiext2t,, ) } ey - The contrastive loss
L contrastive 1 then computed over paired and unpaired exam-
ples. These dense Transformer encoder layers are trained
without explicit modality separation, demonstrating the abil-
ity to capture shared patterns across both audio and text
inputs. However, to enhance efficiency and scalability, we
introduce sparse Mixture of Experts (MoE) layers (Zhou
et al., [2022;|Zoph et al.,|2022) into the architecture, follow-
ing the principles established in prior work (Riquelme et al.|
2021} Mustafa et al., [2022; |Lepikhin et al.| 2020). These
layers selectively activate subsets of parameters based on
input characteristics, significantly reducing computational
overhead while maintaining representational capacity.

Sparse Mixture of Experts (MoE) Encoder Layers
Sparse MoE encoder layers consist of multiple experts,
which are Multi-Layer Perceptrons (MLPs), and are ac-
tivated selectively based on input characteristics. In this
framework, each token 2 € R” is processed by only K
out of F available experts, allowing for sparse computa-
tion. To determine the K experts to activate, a lightweight
router computes gating weights for each token, g(x) =
softmax(Wyx) € RE, where W, € RF*PD is a learnable
parameter matrix. Then, the top K experts with the highest
gating weight are selected. The final output of the MoE
encoder layer is obtained by linearly combining the outputs
of the K selected experts, weighted by their correspond-
ing gating values, MoE(z) = Zle ge(x) - MLP, (). This
mechanism enables the model to efficiently allocate compu-
tational resources by dynamically selecting the most rele-
vant experts for each token, thereby enhancing scalability
and performance.

2.2 Contrastive Loss

Given n pairs of audio and text transcriptions {(a;, t;)}7 1,
the multimodal contrastive model learns representations
Zy, = {(za;,21;) }1_, such that corresponding audio-text
pairs are closer in the latent space than the unpaired inputs.
Therefore, the contrastive loss of our model is defined as
follows:

audio-to-text loss

n
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where 7 is the temperature.
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2.3 Multimodal Mixture of Experts Losses

Here we described the auxiliary losses that are used for the
MOoE encoders to stabilize the multimodal training and to
avoid collapse to a few experts. These losses are designed
to balance routing and expert utilization. Inspired by the
(Riquelme et al.,[2021} Mustafa et al.,2022), our auxiliary
loss includes an importance loss to enforce a balanced gating
weights schema however we define a different entropy based
importance 10ss W) for any expert. For a given token x €
RP, we define the gating weights across the E experts as
g(z) = softmax(Wz) € RF where W € R¥*P represents
the routing parameters. When processing a batch of n tokens,
denoted as {z;}"_,, we represent the batch collectively as
X e R*P,

Importance Loss The importance loss ensures a bal-
anced distribution of gating weights across experts. For
each expert e among E experts, the importance is defined
as:imp,(X) = > .y g9(x)e, where g(x) = softmax(Wx)
represents the gating weights, and W are the routing param-
eters. The importance loss in MoE is traditionally defined as
the squared Coefficient of Variation (CoV) (Riquelme et al.,

. 2
2021; Mustafa etal | 2022), ie. Linp (X) = ( 20mel0). )

where imp(X) = {imp_(X)}Z_,. However, in this work
we propose using an entropy based loss function for routing
probabilities:

E .
Limp(X) = —H(imp(X)) = > imp, (X) | (

imp, (X) )
e=1 25:1 imp, (X)

Zf:l imp, (X)

(€]
CoV loss forces low variance in expert assignments which
can be too strict whereas the entropy loss encourages high
entropy leading to smoother and more probabilistic routing
instead of hard constraints. Essentially, CoV loss harshly
penalizes any deviations from uniformity. While entropy
maximization only encourages balance but allows some flex-
ibility. This means the proposed entropy based loss allows
for dynamic expert allocation instead of enforcing perfect
balance. This is beneficial when some experts should spe-
cialize in certain data patterns. Moreover, entropy based
importance loss is more gradient-friendly for the optimiza-
tion as it is simply differentiable. This is specially important
for large-scale MoE models with thousands of experts and
make the training more stable.

Load Loss As we discussed above, the importance loss
encourages all experts to receive roughly equal numbers
of training examples. However, overall balancing of the
weights does not guarantee that still, some small subset of
experts do not get all the assignments. Particularly in realis-
tic multimodal settings where we cannot assume there exist
balanced data across different modalities, modality-specific
experts tend to emerge naturally. In the modality imbalanced
setting, all the tokens from the minority modality tend to
be routed to a single expert. Despite this local congestion,

on a global level, the overall routing still appears balanced,
as tokens from the majority modality are evenly distributed
among experts, ensuring that modality-agnostic auxiliary
losses remain satisfied. The router can optimize the impor-
tance loss by perfectly balancing the majority modality’s
tokens but dropping all the minority modality’s tokens. This
however leads to unstable training and under performing
models.

Therefore, following the initial proposal of (Shazeer et al.,
2017), our loss objective also includes a load loss for
load-balancing purposes. Similar to entropy based impor-
tance loss, we define an entropy based load loss. Since
expert assignments are discrete and non-differentiable, a
smooth approximation is used to facilitate gradient-based
optimization. Given an input token x, the gating func-
tion computes routing probabilities via a noisy softmax:
Gnoisy () = softmax (W z + €), where W is the routing pa-
rameter matrix, and € ~ N'(0, 02I) represents noise added
for smoothness, with o = % Since routing is determined
by a Top-K selection, we define the K-th largest gating score
as the threshold: 7x (z) = maxg.u(Wz + €).

The probability of expert e being selected for token x
is: pe(x) = P(Wx)e + €new > T (), Where €peyy ~
N(0,0%). Using the Gaussian cumulative distribution
function ®, we can express this as: p.(z) = 1 —

® (TK(r)*(Wr)e )

The load of expert e over a batch X is computed as:
load.(X) = >, cx Pe(). To encourage balanced expert
utilization, we propose to maximize the entropy of the load
distribution. This is similar to importance loss, where we
use an entropy based loss, instead of minimizing the coeffi-

2
cient of variation (CoV) thatis Ljoaq(X) = (%)

where load(X) = {load.(X)}£_;. Our entropy based load
loss is defined as:

E
Lioad(X) = —H(load(X)) = Z Ifioad;i‘:zx)l <

e=1 i=1

load, (X)
7E=1 loadi(X)>

3
The entropy based loss provide several benefits as explained
in the importance loss section. Unlike CoV loss, which
strictly enforces uniform expert assignments, entropy-based
loss promotes balance while allowing flexibility in expert
specialization. This softer approach leads to smoother, more
probabilistic routing and improves gradient flow, making
it particularly beneficial for large-scale MoE models with
many experts.

Z-Loss for Router Stability Z-Loss is an auxiliary loss
function designed to improve the stability of Mixture of
Experts (MoE) models. It controls the magnitude of router
logits, preventing them from becoming excessively large
and causing numerical instabilities. In MoE architectures,
router logits determine token assignments to experts. Large
values in these logits can make training unstable by overcon-
fidently assigning tokens to specific experts. Given activa-
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tions A = {Wax;}_,, where each entry is a; . = (Wx;)e,
the Z-Loss regulates the activation magnitude of the router
by penalizing large values, as follows:

1

n

n E R
Z (logZexp(aiye)) (€]

i=1 e=1

Ly1oss(X) =

Z-Loss offers several advantages: it improves numerical sta-
bility by constraining large router logits, thereby reducing
roundoff errors. Additionally, it prevents overconfident rout-
ing, ensuring that token assignments remain probabilistic
rather than overly deterministic, which enhances flexibility
in expert selection. Lastly, its squared log-sum-exp formu-
lation results in smoother gradients, leading to more stable
optimization, particularly in large-scale models.

Mutual Information (MI) Loss Mutual information loss
is an auxiliary loss function designed to encourage diversity
in expert selection by considering the entropy of expert as-
signments conditioned on modalities (Mustafa et al., [2022)).
It helps prevent expert collapse and ensures varied expert
utilization by maximizing the dependency between token
assignments and expert selection.

In each MoE layer, the router computes a gating matrix
G € R™*E for each modality m, where each row of G,
represents the probability distribution over E experts for
one of the n,, tokens in the batch. The routing probabilities
for token z; are given by p,, (experts|z;) € RE. To ensure
a balanced and effective routing strategy, two entropy-based
loss functions are defined (Mustafa et al.| [2022):

Local entropy loss: Encourages confident expert assign-
ments by maximizing the entropy of individual token as-
signments:

nm

Z H (pm (experts|z;)) )

Lt

Qlocal (Gm) =

where H(p) = — Zle pe log p. denotes the entropy.

Global entropy loss: Encourages diversity across expert
assignments by maximizing the entropy of the marginal
expert distribution: Qgipat(Gm) = —H(Pm(experts)),
where the marginal expert probability is: p,, (experts) =
% > pm(experts|z;). These two loss terms work to-
gether, the local entropy loss ensures that individual tokens
have strong expert assignments, while the global entropy
loss promotes expert diversity.

1 M . M
Lyr(X) = Vi > H(Bm (experts)) + H(ﬂ > ﬁm(experls)) ©6)
m=1

m=1

Evidence Lower Bound (ELBO) Loss Unlike the other
auxiliary losses, which primarily focus on balancing routing
and expert utilization (e.g., importance, load, Z-loss, and
mutual information), the ELBO loss serves a dual purpose:
1) it encourages expert specialization by ensuring assigned

experts explain modality-specific tokens well, 2) it prevents
expert collapse via KL regularization that encourages di-
verse expert utilization. Since ELBO loss directly affects
how well experts specialize in different data patterns, its con-
tribution to the final loss function may need to be weighted
differently.

Let X, be the set of tokens from modality m, and let £
be the set of experts. The approximate marginal probability
of an expert over the tokens in modality m is defined as:
pm(e) = ﬁ > wex,, Ple[x), where p(e|z) is the prob-
ability of selecting expert e for token z and |X,,| is the
number of tokens in modality m. This represents the likeli-
hood of an expert being used across all tokens from a given
modality.

Since the true posterior distribution p(e|X,,) is intractable,
we approximate it using a variational distribution g(e| X, ).
The ELBO formulation is obtained by minimizing the KL
divergence:

Dgr(g(elXm)llp(elXm)) = Eq(e)x ) [log g(e]Xm) — logp(e\Xm)(L)

which leads to the Evidence Lower Bound (ELBO) (Belg
hazi et al.| 2018)):

LE1BO(Xm) = Eq(e|x ) log p(Xmle)] — Dxp (g(e|Xm)llp(e)) (8)

where the first term ensures that the assigned experts explain
the tokens well, and the second term regularizes the expert
distribution towards a prior p(e). Since we approximate
p(e|X,,) using routing probabilities, we set: ¢(e|X,,) =~
pm(e) = ﬁ > sex,, P(er). Thus, the ELBO loss for
modality m in our framework becomes:

LELBO(Xm) = D Ep(ela) logp(Xmle)] — DL (pm(e)|p(e))
€ Xm
(O]

where p(e) is a prior distribution over experts, which we set
to be uniform. To compute the expert likelihood p(X,,, | €)
in the embedding space we use a prototype-Gaussian per ex-
pert, N'(X,,; /,Lém), o2I), with ,ugm) updated by EMA over
tokens softly routed to e. Essentially, each expert e defines a
simple density over token embeddings. The sequence-level
likelihood is:

[Xm |

1 m) |2
logp(Xm | €) = ——5 > llze = n™ 13
t=1

Xomld
- % log(2ra?) (10)

We aggregate token-level routing into a set-level posterior
qle | Xm) = pm(e) = ‘X—lﬂ > wex,, Ple | x). This formu-
lation is decoder-free and adds negligible parameters. And
the total ELBO loss becomes:

1 M
LeLgo(X) = — 7 > LeLBo(Xm) (1D
m=1

The proposed ELBO loss encourages expert specialization.
The expectation term ensures experts focus on modality-
specific tokens. It simultaneously prevents expert collapse
as the KL regularization ensures experts are utilized fairly.
Additionally it balances routing decisions by integrating
routing probabilities.
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Final Objective Function Our final loss function is a
combination of the contrastive loss and all the auxiliary
losses. Auxiliary losses regularize the contrastive loss and
ensure effective expert utilization and modality utilization.
In image-text multimodal typically the image modality con-
tains richer information than the text modality. However, in
audio-text multimodal usually the text modality captures
richer information and often times audio does not provide
additional information other than the spoken words. For
this reason it is trickier to balance the modalities and ex-
pert utilization. Moreover, the less important modality in
CoPRIME (i.e. audio) contains more tokens than the more
important counterpart (i.e. text) which is the opposite case
for image-text multimodal mixture of expert models. We
use a different A for the ELBO versus other auxiliary losses
to address this. The other auxiliary losses (importance, load,
Z-loss, and MI) focus on ensuring a balanced and stable
routing mechanism, preventing expert underuse or overuse.
ELBO, however, promotes specialization and separation of
experts for different modalities while maintaining fair uti-
lization. Using a different Ag o allows for finer control
over this trade-off where too high a value may force ex-
cessive specialization, while too low a value may lead to
underutilized experts.

E(X) = Econtrastive (X) + )\ELBO£ELBO (X)

+)\aux (Eimp (X) + Eload (X) + Ez-loss(X) + LMI (X))
(12)

3 EXPERIMENTS

In this section, we present the experimental evaluation of
CoPRIME model for emotion recognition tasks. We uti-
lize the LibriSpeech960 dataset (Panayotov et al.l 2015) for
pre-training and evaluate the model’s performance on the
MOSEI (Zadeh et al., 2018) and IEMOCAP (Busso et al.|
2008)) datasets under various settings. LibriSpeech960: The
LibriSpeech960 dataset (Panayotov et al., 2015 comprises
approximately 960 hours of English speech data, accompa-
nied by transcriptions. It serves as a comprehensive resource
for training models on large-scale speech recognition tasks.
MOSEI: The Multimodal Opinion Sentiment and Emotion
Intensity (MOSEI) dataset (Zadeh et al., [2018) is a large-
scale multimodal dataset containing over 23,000 video clips
annotated with sentiment and emotion labels. For our exper-
iments, we focus on the emotion recognition aspect, which
includes six emotion classes: Happy, Sad, Angry, Fear, Sur-
prise, and Disgust. IEMOCAP: The Interactive Emotional
Dyadic Motion Capture (IEMOCAP) dataset (Busso et al.,
2008) consists of approximately 12 hours of audiovisual
data from dyadic sessions, annotated with emotion labels.
We utilize the emotion recognition annotations, which in-
clude emotions such as Happy, Sad, Angry, Neutral, and
others.

3.1 Evaluation Scheme and Experimental Setup

Table 1: Model information for base and large variants of
CoPRIME and LIMoE.

CoPRIME-B/32 LIMOE-B/32‘COPRIME-L/32 LIMoE-L/32

Transformer Blocks 3 3 6 6
Attention Heads 8 8 8 8
MOoE Blocks 6 6 12 12
Experts per MoE Block 8 8 16 16
Routing Mechanism Top-2 Top-2 Top-4 Top-4
Hidden Size 512 512 768 768
MLP Size 2048 2048 3072 3072
Patch Size 32x32 32x32 32x32 32x32

We evaluate the performance of CoOPRIME under two pri-
mary settings: 1) Cross-domain transfer learning: The model
is pre-trained on the LibriSpeech960 dataset and directly
evaluated on the MOSEI and IEMOCAP datasets using 0-
shot and 10-shot learning approaches. 2) Domain-specific
transfer learning: The model is pre-trained on the Lib-
riSpeech960 dataset and then fine-tuned on the MOSEI
dataset. Subsequently, it is evaluated on the IEMOCAP
dataset using 0-shot and 10-shot learning approaches. MO-
SEI dataset is much larger than IEMOCAP, hence it is more
suitable for fine-tuning large architectures. Therefore, we
fine tune on the larger dataset and evaluate the transfer learn-
ing quality on the smaller dataset. Table [I|shows the model
information for the two variants of CoPRIME-B/32 (i.e.
base model) and CoPRIME-L/32 (i.e. large variant). Addi-
tionally, we use a dense baseline in the experiments which
cosists of only transformer encoder blocks and no MoE
blocks. The dense baseline architecture is similar to that of
CoPRIME-B/32 in terms of the number of blocks, attention
heads, etc. We use AdamW optimizer with learning rate of
le-4, and batch size of 256 throughout all experiments.

We perform a log-spaced grid search over A\g o and The
Aaux- As we can see from the sensitivity analysis heatmap
in Figureacross a wide plateau AgLpo € [0.02,0.08] and
Aaux € [0.005,0.04], CoOPRIME's task performance remains
within 1.3% of the best setting, while convergence speed
and stability (variance of validation loss and gradient norms)
degrade outside this interval. Our chosen setting sits on a
Pareto front between final accuracy and convergence speed.
The Aaux and Agrgo were tuned and values of 0.02 and 0.04
are used, respectively in all experiments. Source code is
available at: https://github.com/hanadk/coprime.

3.2 Results

Cross-domain transfer learning: In this case we pre-
trained CoPRIME on the LibriSpeech960 dataset and evalu-
ated on both MOSEI and IEMOCAP datasets using 0-shot
and 10-shot learning approaches. LibriSpeech is mostly
used for automatic speech recognition while MOSEI and
IEMOCAP are specifically used for emotion recognition.
Therefore, the domain of pre-training is a little different than
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Figure 2: Token distribution on a batch of size 256 for COPRIME-B/32 model with 6 MoE blocks each having 8 experts. We
can see the extreme token imbalance even with audio patches of 32x32.

Sensitivity Analysis of Loss Parameters
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Figure 3: Sensitivity analysis with respect to regularization
parameters (MOSEI 10-shot accuracy).

the evaluation target domain. Table [2| presents the results
of this cross-domain transfer learning. As we can see from
the table, CoOPRIME outperforms the dense baseline which
shows the effectiveness of the MoE blocks and architecture.
Additionally, we observe that CoOPRIME-L/32 outperforms
CoPRIME-B/32 which is expected considering the increase
in size and capacity of the model. Moreover, it is notewor-
thy to mention that 10-shot transfer learning yields higher
accuracy than zero-shot learning specially since the target
domain is quite different than the source (i.e. pre-training)
domain. As for the comparison with the state-of-the-art,
Hubert-large achieves 67.62% accuracy
on IEMOCAP emotion recognition task. Our multimodal
model achieves competitive accuracy in 0-shot while being
significantly more efficient. In 10-shot CoPRIME accuracy
is significantly higher.

Domain-specific transfer learning: In this case, we first
pre-train CoPRIME on LibriSpeech dataset. We then fully
fine-tune the model on the MOSEI dataset, and finally eval-
uate the model on the IEMOCAP dataset under 0-shot and

10-shot learning scenarios. Since MOSEI and IEMOCAP
are both emotion recognition tasks, the source and target
domains are similar and this is considered intra-domain
transfer learning. Moreover, different emotion categories
of these datasets do not affect the results as we use linear
few-shot evaluation for 10-shot and class prototype similar-
ity for O-shot. Table [B]shows the results of domain-specific
transfer learning. As we can see, fine-tuning on MOSEI
significantly improved the accuracy of emotion recognition
on IEMOCAP dataset, by an average of 2.6%. It is notewor-
thy to mention that the 10-shot transfer learning accuracy
of CoPRIME is competitive to the SOTA models that are
directly trained on the dataset. CORECT
2023) achieves 84.7% accuracy on IEMOCAP with directly
training a supervised multimodal classification model on the
dataset. COPRIME achieved 82.17% using 10-shot transfer
learning which shows the representations learned from our
multimodal contrastive framework capture rich information
and can generalize across tasks.

Routing distribution: Figure [2] shows the routing distribu-
tion in different MoE blocks. We observe the emergence
of both modality-specific experts, and multimodal experts
which process both images and texts. This validates the ef-
fectiveness of our losses in encouraging diversity as well as
modality specialization to a certain degree.

Loss ablation studies: Our final objective function consists
of a contrastive loss, ELBO loss, and a combination of 4
entropy-based auxiliary losses (importance, load, z-loss,
and mutual information). Therefore, there are five auxiliary
losses and the total number of their possible combinations is
270N (V) =N = 2NN where N = 5and r = 2). We
performed a brute force usage of auxiliary loss combinations
to analyze the impact of each individual loss. We provide the
ablation study of the COPRIME loss in Table [d] Each row
in the table shows the highest performing model with and
without that specific loss function. As we can see from the
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Table 2: Cross-domain transfer learning results of different methods on MOSEI and IEMOCAP datasets under 0-shot and
10-shot settings. The accuracy & F1 values are shown in percentages (%).

MOSEI Oshot MOSEI 10shot IEMOCAP Oshot | IEMOCAP 10shot
Model Emotion Sentiment Emotion Sentiment Emotion Emotion
Acc Acc F1 Acc Acc F1 Acc F1 Acc F1

Dense-B/64 44.53 52.01 52.49 56.61 63.44 64.09 | 43.98 44.54 57.91 57.39
LIMoE-B/64 58.13 67.80 68.29 70.56 78.56  79.18 | 57.88 58.54 71.31 70.73
CoPRIME-B/64 59.68 67.99 68.47 71.10 7722  77.87 | 60.75 61.32 72.52 71.95
Dense-B/32 47.87 5543 55.83 58.97 66.00 66.65 | 46.91 47.48 61.01 60.46
LIMoE-B/32 61.44 69.13 69.61 72.50 78.73  79.41 | 61.28 61.90 74.73 74.14
CoPRIME-B/32 63.75 70.90 71.33 74.95 81.00 81.68 | 63.26 63.91 75.22 74.71
Dense-L/64 49.02 56.62 57.04 60.99 66.78 67.38 | 48.43 49.04 61.59 61.06
LIMoE-L/64 62.73 70.57 70.99 74.24 80.61 81.23 | 61.99 62.61 76.23 75.65
CoPRIME-L/64 63.86 71.29 71.76 74.89 81.80 82.49 | 63.58 64.24 76.45 75.85
Dense-L/32 51.35 59.24 59.69 64.37 70.04 70.64 | 50.75 51.31 65.31 64.73
LIMoE-L/32 64.57 7243  72.87 77.93 83.06 83.68 | 65.28 65.84 78.33 77.78
CoPRIME-L/32 66.43 74.38 74.82 78.21 84.8 8544 | 66.17 66.78 79.7 79.15

Table 3: Domain-specific transfer learning results of differ-
ent methods on IEMOCAP datasets (after being fine-tuned
on MOSEI) under 0-shot and 10-shot settings. The error
bars are the 2-sigma variations calculated using 10-fold
cross validation. The accuracy & F1 values are shown in
percentages.

IEMOCAP 0shot
Emotion
Acc F1

IEMOCAP 10shot
Emotion
Acc F1

Model

Dense-B/32
LIMoE-B/32
CoPRIME-B/32

49.94 +£0.74 50.21 £0.75
63.82 +0.52 63.48 £0.57
65.47 £0.45 653 +0.49

64.72 £ 0.71 64.36 £ 0.69
76.92 +0.42 76.83 £0.39
78.36 £0.38 7824041

Dense-L/32
LIMOoE-L/32
CoPRIME-L/32

54.78 £0.68 55.07 & 0.65
67.8 £0.54 67.51 £0.53
68.9 £ 0.56 69.28 + 0.51

67.32 £0.61 67.85+0.59
79.92 £0.48 80.19 + 0.44
82.17 £ 0.48 82.5 + 0.46

Table 4: Across 27 combinations, each row shows the best
accuracy (%) of all combinations that included the auxiliary
loss v'vs. those that did not X. Validation accuracy is the
average contrastive accuracy in a minibatch of size 256 on
MOSEI dataset.

Validation MOSEI
Oshot 10shot
Auxiliary Loss X v X v X v
Importance 644 646|592 593 70.6 709
Load 645 64.6 | 59.1 59.1 69.8 69.7
Z-loss 643 644|596 59.8 70.1 703
MI 64.1 64.8 | 59.7 604 69.7 704
ELBO 625 64.8 | 589 603 694 709

table, all losses are beneficial with the exception of load loss.
Load loss significantly improves efficiency while penalizing
the accuracy in a negligible amount. We also observe that
ELBO loss has a significant impact on the training, and
hence the reason we used a different \ for it.

4 CONCLUSION

In this work, we introduced CoPRIME, a novel sparse MoE
model designed to advance multimodal representation learn-
ing. By leveraging contrastive learning, adaptive expert rout-
ing, and spectrogram-based audio tokenization, CoOPRIME
effectively addresses key challenges in multimodal learning,
particularly the imbalance in token density between audio
and text, while maintaining computational efficiency. Co-
PRIME uses a ViT-style spectrogram tokenization approach
in audio-text multimodal settings, transforming raw wave-
forms into patch-based embeddings. CoOPRIME incorporates
a sparse MoE framework with an entropy-regularized rout-
ing mechanism. Traditional MoE models often suffer from
expert overloading or under-utilization, leading to unstable
training and poor generalization. To mitigate these issues,
we introduced a set of entropy-based auxiliary losses that
ensure balanced and dynamic activation of experts across
modalities. Additionally, we proposed an ELBO-based loss
function that optimizes expert specialization while prevent-
ing collapse and encouraging diversity.

Experimental results on MOSEI and IEMOCAP demon-
strate that CoOPRIME significantly outperforms dense trans-
formers and prior SOTA multimodal MoE models in both
zero-shot and few-shot learning settings. On IEMOCAP,
CoPRIME-L/32 achieved 79.7% accuracy in 10-shot learn-
ing, surpassing LIMoE accuracy significantly. Similarly, on
MOSEI, CoPRIME-L/32 reached 84.8% sentiment accuracy
in 10-shot learning, demonstrating substantial improvements
over dense transformers and LIMoE while maintaining high
computational efficiency. Our loss ablation studies further
validate the effectiveness of our approach, showing that
ELBO loss contributes to an average 2.5% gain in con-
trastive accuracy, while entropy-based auxiliary losses lead
to more stable training and balanced expert utilization.
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From Token Imbalance to Balanced Routing: An ELBO-Regularized
Probabilistic Framework for Contrastive Multimodal Learning
Supplementary Materials

A  MOTIVATION AND INTUITION

CoPRIME builds upon a series of prior research starting from the seminal paper of Sparsely Gated MoE which introduced
the importance loss for balancing expert utilization. Then GShard, Switch Transformer, and V-MoE introduced the buffer
capacity and added auxiliary load loss to tackle expert imbalance for NLP and vision. Subsequently, LIMoE added another
auxiliary MI loss to handle token imbalance in multimodal tasks. We extend these ideas to the audio-text multimodal setting.
Due to the high dimensionality of audio spectrograms which is substantially larger than typical image data, we introduce an
additional ELBO loss for multimodal per-token routing to address token imbalance more effectively. CoPRIME targets
a distinct challenge not fully explored in prior multimodal MoE work: the extreme token imbalance. Unlike image-text
(~12:1 ratio), audio produces far more tokens than text due to spectrogram tokenization (~50:1 ratio) causing optimization
instability and expert collapse. CoPRIME tackles this via its ELBO loss and entropy-based aux losses.

Our MoE architecture resembles LIMoE one, but with novel objective functions. We introduced an ELBO loss to address
token imbalance more effectively in audio-text multimodal which is way more imbalanced than image-text multimodal. It
encourages expert specialization while preventing expert collapse. Additionally we replace CoV-based load/importance
losses with entropy-based variants that promote flexible expert utilization. This encourages balance while allowing controlled
flexibility, leading to a more dynamic and probabilistic routing mechanism instead of imposing hard constraints.

The design of our ELBO and entropy-based auxiliary losses are rooted in principles of probabilistic regularization and
information theory. The ELBO is derived from a variational lower bound on the marginal likelihood of modality-specific
expert assignments. By maximizing this likelihood while minimizing KL divergence to a uniform prior, we promote diverse
yet balanced expert usage. This prevents a subset of experts from dominating due to modality bias (overwhelming in volume
but not in semantic content). The entropy-based importance and load losses further enhance probabilistic routing flexibility,
providing gradient-friendly regularization without enforcing rigid uniformity. Empirical results (Table ) validates these
theoretical motivations: ELBO alone boosts contrastive accuracy by 2.3%, while entropy-based losses improve stability and
convergence.

In conclusion, CoPRIME introduces theoretically grounded mechanisms for handling token imbalance, and empirically
demonstrates their necessity for effective contrastive alignment.

B THEORETICAL RATIONALE FOR LOSS FUNCTIONS

The design of our ELBO and entropy-based auxiliary losses are rooted in principles of probabilistic regularization and
information theory. The ELBO is derived from a variational lower bound on the marginal likelihood of modality-specific
expert assignments. By maximizing this likelihood while minimizing KL divergence to a uniform prior, we promote diverse
yet balanced expert usage. This prevents a subset of experts from dominating due to modality bias (overwhelming in volume
but not in semantic content). The entropy-based importance and load losses further enhance probabilistic routing flexibility,
providing gradient-friendly regularization without enforcing rigid uniformity. Empirical results in Table ] validates these
theoretical motivations. ELBO alone boosts contrastive accuracy by 2.3%, while entropy-based losses improve stability and
convergence.

C ELBO CONTRIBUTION BEYOND MI/ENTROPY REGULARIZERS

The MI/entropy-based auxiliary losses (importance, load, and the MI objective) shape the routing distributions. They
encourage balanced usage (global entropy/load) and confident per-token assignments (local entropy) but do not require
experts to model the geometry of the data in feature space.
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The ELBO introduces two complementary, data-aware pressures:

1. Expert specialization via likelihood (feature geometry): The term E (| x,,) [log p(Xm |e)] directly rewards assignments
to experts that result in high feature likelihood (e.g., small within-expert squared distance under the Gaussian), pushing
experts to model coherent, well-separated regions of representation space tied to semantic or acoustic phenomena.
Ml/entropy alone can balance traffic without ensuring any expert actually fits the data manifold.

2. Sample/modality-level posterior-prior alignment: The KL term KL (q(e|X m)|| p(e)) with ¢(e| X,,,) = pm(e) regularizes
the sequence/set-level posterior, complementing batch-marginal balancing (global entropy). This mitigates unstable
solutions where token-level posteriors are sharp yet each sample still collapses to the same expert.

In summary, our findings show:

* Lower within-expert scatter and higher between-expert separation of token embeddings (lower trace of covariance,
higher centroid separation).

* More stable utilization (lower variance of per-expert load over training), especially under strong modality imbalance.

* Faster/steadier convergence of the contrastive objective (fewer epochs to a fixed retrieval/accuracy threshold).

The MI/entropy terms keep usage balanced and avoid starvation. The ELBO ensures that the balanced usage is meaningful,
i.e., experts explain the embeddings they receive. In ablations, MI-only models distribute load but form blurrier clusters
while adding ELBO sharpens clusters and typically improves retrieval with minimal extra cost.

D ATTRIBUTION OF PERFORMANCE GAINS TO ARCHITECTURAL OR LOSS DESIGN

We ran loss ablations (Table[d) to isolate the contribution of each component, confirming the utility of all losses. We also
implemented LIMoE-style variants and found CoPRIME to outperform them on emotion recognition. These findings indicate
that CoPRIME’s performance gains originates from improved routing under modality imbalance and loss innovations, rather
than increased parameter count. CoOPRIME introduces theoretically grounded mechanisms for handling token imbalance,
and empirically demonstrates their necessity for effective contrastive alignment.

E REGARDING LOAD LOSS AND ITS IMPACT ON EFFICIENCY

The load loss was introduced to improve routing balance and stability in sparse MoE architectures, especially under modality
imbalance where audio tokens far outnumber text. As discussed in Section[2.3] we adopt an entropy-based formulation to
softly encourage expert balance without imposing hard uniformity. This prevents expert collapse and token congestion, a
known failure mode in multimodal MoEs. While prior works such as GShard and LIMoE validate the utility of load loss, our
own ablation study (Table[d) further substantiates its role; the inclusion of load loss improves the contrastive accuracy from
64.5% to 64.6%, it also enhances efficiency which is defined as routing stability, expert utilization balance, and improved
training dynamics in modality-imbalanced settings. We have included empirical efficiency indicators (e.g. token-to-expert
assignment distributions and activation sparsity heatmaps) in our paper.

F REGARDING ENTROPY-BASED VS COV-BASED IMPORTANCE LOSS

Traditionally, importance loss is computed via the CoV to enforce uniform expert usage. However, CoV imposes rigid
constraints and penalizes minor deviations. In contrast, we propose an entropy-based loss (Section that encourages
balanced yet flexible expert allocation. This is especially advantageous when expert specialization is desirable (e.g., modality-
specific routing). Our intuition is that entropy loss offers smoother gradients and is more robust in large-scale setups with
noisy or diverse data. Empirically, we have also run internal ablations with CoV-based variants, and results were slightly
weaker (64.4% to 64.5%). Replacing CoV with entropy improves stability and generalization: validation accuracy improves
from 64.4% to 64.6% (Table[d)), and consistent gains are observed across few-shot setups. While these deltas may appear
modest, they accumulate with other auxiliary losses (e.g., ELBO), leading to more stable convergence.
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G LOSS FUNCTION COMPLEXITY AND TRADE-OFF COEFFICIENTS

CoPRIME indeed introduces six loss terms (contrastive, ELBO, and four entropy-based auxiliary losses) to regulate expert
specialization, diversity, and balanced routing. This is necessitated by the unique challenge of audio-text multimodal
alignment, especially with spectrogram-based audio tokenization, which introduces an extreme token imbalance. Tuning
multiple loss weights is non-trivial; so to mitigate this, we design the framework with two trade-off coefficients: one
dedicated to ELBO and one shared across the four auxiliary losses. This design was motivated by the complementary roles
of the losses: ELBO regularizes global expert specialization, while the auxiliary losses promote balanced, diverse routing.
The model showed robustness across a range of lambda values during tuning (Section [3.2).

H NECESSITY OF ALL LOSSES AND LOAD LOSS EFFECTIVENESS

As shown in Table 4] we conducted a comprehensive ablation over 27 combinations of auxiliary losses, confirming that the
ELBO loss contributes the most (2.5% gain in contrastive accuracy), while Load loss primarily enhances stability and routing
smoothness. While its impact on final accuracy is limited, it plays a complementary role in preventing expert saturation in
modality-imbalanced settings, as discussed in Section [2.3]

I COMPARISON WITH OTHER MOE-BASED MULTIMODAL MODELS AND
BEHAVIORAL ANALYSIS OF ROUTING

CoPRIME targets a distinct challenge not fully explored in prior multimodal MoE work: the extreme token imbalance.
Unlike image-text (~12:1 ratio), audio produces far more tokens than text due to spectrogram tokenization (~50:1 ratio)
causing optimization instability and expert collapse. COPRIME tackles this via its ELBO loss and entropy-based auxiliary
losses. A direct comparison with LIMOoE is infeasible due to lack of official code and differing modalities/datasets. To ensure
fairness, we have implemented LIMoE-style variants ourselves and observed that COPRIME outperforms them in both
zero-shot and few-shot emotion recognition tasks. We also benchmarked against strong baselines like dense transformers
and SOTA models on the tasks (HuBERT & CORECT).

J HYPERPARAMETER TUNING AND MODEL SELECTION

We conducted a brute-force ablation study on loss combinations (Section[3.2]and Table ), validating the effectiveness of all
five losses. As for the weights, (0.02, 0.04) were determined through grid search and proved robust across experiments. We
conduct an extensive hyperparameter tuning covering lambda coefficients, top-K routing thresholds, and analyze training
stability under different expert counts. We will release code to facilitate reproducibility and ease of adoption.

K COMPUTE COSTS

The datasets used in this work are relatively small and the network architecture design (in terms of number of blocks, etc.) is
also relatively small to match that. Sparse MoE architecture also makes the training more efficient. All the experiments were
ran on a single NVIDIA GH200 GPU with 96GB VRAM on LambdaLabs cloud.

L SOCIETAL IMPACTS

In terms of environmental impact, training large models is costly. In this work we used relatively small datasets and small
network architecture, so that all the experiments were run on a high-end PC with Titan RTX GPU. However, if someone
wants to train a larger version of CoOPRIME on larger datasets it could become costly. In either case, sparse MoE architecture
as used in CoPRIME helps in reducing the compute cost specially at inference time.

As a positive societal impact, in another project we are working on a mental health data where these audio-text multimodal
models are used on clinical interviews of children to predict various types of disorders. This has great positive impacts in
helping psychiatrists in early diagnosis of mental disorders. We advocate for the responsible use of CoPRIME, particularly
for potential clinical applications, ensuring consent, de-identification, and human-in-the-loop deployment. Our clinical
speech analysis work was approved by the Nova Scotia Health Research Ethics Board (file number: 100266).
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