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Abstract

Large Language Models increasingly rely on Mixture-of-Experts architectures to scale
model capacity while controlling computational cost. However, most MoE systems em-
ploy static expert routing strategies that allocate identical computational resources to
all tokens, regardless of their uncertainty or difficulty. This paper proposes Confidence-
Based Dynamic Routing (CBDR), an uncertainty-aware expert allocation mechanism for
multitask fine-tuning of large language models. CBDR estimates token-level confidence
from the entropy of the gating distribution and dynamically adjusts the number of acti-
vated experts accordingly. Tokens with high confidence are processed with fewer experts,
while uncertain tokens receive additional expert capacity. To mitigate expert imbalance,
we introduce Confidence-Based Importance Balancing (CBIB), a training objective that
encourages balanced expert utilization. Experiments on multiple biomedical question-
answering datasets demonstrate that CBDR improves model performance across multiple
biomedical QA datasets, achieving absolute improvements of up to 3% in F1 score on
the BioASQ benchmark while maintaining efficient expert utilization. These results sug-
gest that uncertainty-aware routing provides a practical mechanism for adaptive compute
allocation in sparse large language models.

Dataset: BioASQ (http://bioasq.org), PubMedQA (https://pubmedqa.github.io), RealMedQA (https:
//huggingface.co/datasets/k2141255/RealMedQA) (access on 7 September 2024).

Dataset License: no license required (publicly available)

Keywords: large language models; multitask fine-tuning; mixture-of-experts; low-rank
adaptation; expert routing

1. Introduction
Large language models (LLMs) have transformed natural language processing by

enabling powerful representation learning across a wide range of tasks including ques-
tion answering, text generation, machine translation, and conversational AI. The suc-
cess of these models is largely attributed to the transformer architecture introduced by
Vaswani et al. [1] and subsequent scaling of model parameters and training datasets. Recent
models such as GPT-3 [2], GPT-4 [3], and PaLM demonstrate that increasing model scale
leads to substantial improvements in performance across many tasks.
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Despite their success, large language models present significant challenges in com-
putational efficiency and scalability. Training and fine-tuning large models require sub-
stantial computational resources, which limits their accessibility and applicability in many
real-world settings. In particular, adapting LLMs to domain-specific tasks often requires
updating billions of parameters, which can be computationally prohibitive.

To address these challenges, two complementary research directions have emerged:
parameter-efficient fine-tuning (PEFT) and conditional computation architectures.

Parameter-efficient fine-tuning methods such as adapters [4], prefix tuning [5], and
Low-Rank Adaptation (LoRA) [6] significantly reduce the number of trainable parameters
required to adapt large models to downstream tasks. Among these approaches, LoRA has
gained widespread adoption because it introduces low-rank updates to weight matrices
while keeping the original pretrained parameters frozen.

At the same time, Mixture-of-Experts (MoE) architectures provide an effective mecha-
nism for scaling neural networks through conditional computation. Instead of activating
the entire model for every input, MoE models consist of multiple expert networks, and a
gating mechanism dynamically selects a subset of experts for each token [7]. This design
enables models to increase capacity while maintaining manageable computational cost.

Recent large-scale models such as Switch Transformer [8] and GShard [9] demonstrate
the effectiveness of MoE architectures for scaling neural networks. However, most MoE
models rely on static routing strategies, typically implemented using a fixed top-k expert
selection rule. Under this approach, the same number of experts is activated for every
token regardless of input complexity.

In practice, tokens in natural language sequences vary significantly in difficulty and
uncertainty. Simple tokens may require only minimal computation, while more complex
tokens may benefit from additional expert processing. Static routing therefore allocates
identical computational resources to all tokens, potentially leading to inefficient computa-
tion and suboptimal performance. More importantly, static routing prevents MoE models
from allocating computational resources according to token uncertainty. In practice, dif-
ferent tokens may require different levels of reasoning and model capacity. An adaptive
routing mechanism that allocates computation based on token uncertainty can therefore
improve both efficiency and performance in large-scale language models.

To address this limitation, we propose a Confidence-Based Dynamic Routing (CBDR)
mechanism that allocates computational resources according to token-level uncertainty.
The key idea is to estimate the confidence of expert assignments using the entropy of the
gating probability distribution. Tokens with high confidence are processed using fewer
experts, while tokens with lower confidence receive additional expert capacity.

In addition, we introduce a Confidence-Based Importance Balancing (CBIB) loss to
mitigate expert imbalance during training. This loss encourages balanced expert utilization
while preserving the advantages of dynamic routing.

The main contributions of this work are summarized as follows:

1. We introduce an uncertainty-aware compute allocation framework for MoE-based
large language models that dynamically adjusts computational resources according
to token-level confidence.

2. We propose a Confidence-Based Dynamic Routing (CBDR) mechanism that dy-
namically determines the number of activated experts based on the entropy of the
gating distribution.

3. We introduce a Confidence-Based Importance Balancing (CBIB) loss to mitigate expert
imbalance and improve routing stability.
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4. Extensive experiments on three biomedical question-answering datasets demonstrate
that the proposed method consistently improves performance compared with static
expert routing.

The remainder of this paper is organized as follows. Section 2 reviews related work on
large language models, parameter-efficient fine-tuning, and MoE architectures. Section 3
introduces the proposed CBDR framework and the CBIB loss. Section 4 presents the
experimental setup, evaluation results, and analysis of expert utilization. Finally, Section 5
concludes the paper and discusses potential directions for future work.

2. Related Work
2.1. Large Language Models and Transformer Architectures

LLMs have become the dominant paradigm in modern natural language processing.
Their success is primarily driven by the transformer architecture introduced by Vaswani
et al. [1], which replaces recurrent structures with self-attention mechanisms that allow
efficient modeling of long-range dependencies in text sequences, as shown in Figure 1. The
transformer architecture enables parallel computation over input tokens and significantly
improves scalability compared with recurrent neural networks.

Figure 1. Transformer architecture [1] (the left) and LoRA adaptation [6] (the right).

Early transformer-based models such as BERT [10] demonstrated the effectiveness of
bidirectional contextual representations for natural language understanding tasks. Sub-
sequent generative models such as GPT [11], GPT-2 [12], GPT-3 [2], and GPT-4 [3] further
demonstrated that scaling transformer models to billions or trillions of parameters leads to
substantial improvements in performance across diverse tasks including language model-
ing, summarization, translation, and question answering.

The rapid progress in LLMs has also been supported by empirical scaling laws.
Kaplan et al. [13] showed that model performance improves predictably with increased
model size, dataset size, and computational resources. These findings motivated the devel-
opment of increasingly large language models that rely on massive training datasets and
computational infrastructure.

Despite these advances, the rapid growth of model size introduces significant chal-
lenges. Training and fine-tuning models with billions of parameters require extensive
computational resources and memory. In many applications, particularly domain-specific
tasks such as biomedical text analysis, adapting large models to specialized datasets be-
comes computationally expensive and difficult to deploy. These challenges have motivated
research in efficient model adaptation methods and scalable neural architectures that can
maintain strong performance while reducing computational cost.
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2.2. Parameter-Efficient Fine-Tuning

Fine-tuning pretrained language models on downstream tasks is a widely used ap-
proach for adapting general-purpose models to specific applications. However, traditional
fine-tuning methods require updating all model parameters, which can be computationally
expensive for large models.

Parameter-efficient fine-tuning (PEFT) methods aim to address this limitation by
reducing the number of trainable parameters required for adaptation. Instead of modifying
the entire network, PEFT techniques introduce small task-specific modules while keeping
the original model parameters frozen. One widely used PEFT approach is the adapter
module introduced by Houlsby et al. [4], which inserts lightweight neural layers between
transformer blocks. These adapters enable task-specific adaptation while maintaining most
pretrained parameters unchanged. Another approach is prefix tuning, proposed by Li and
Liang [5], which introduces learnable prefix tokens that modify the attention mechanism
during training. Prefix tuning has been shown to achieve competitive performance with
minimal parameter updates.

Among PEFT techniques, Low-Rank Adaptation (LoRA) [6] has gained significant
attention due to its efficiency and simplicity. LoRA decomposes weight updates into low-
rank matrices and injects them into existing linear layers of the transformer architecture.
This approach dramatically reduces the number of trainable parameters while preserving
the expressive capacity of the pretrained model. Subsequent extensions such as QLoRA [14]
combine LoRA with quantization techniques to further reduce memory consumption and
enable fine-tuning of extremely large models on limited hardware. Parameter-efficient
fine-tuning methods are particularly useful for multitask learning scenarios, where a single
model must be adapted to multiple tasks simultaneously. By reducing the number of
trainable parameters, PEFT techniques enable efficient training and deployment of large
models in resource-constrained environments.

2.3. Multitask Learning in LLM

Multitask learning aims to train a single model to perform multiple tasks simulta-
neously by sharing representations across tasks. The concept of multitask learning was
originally introduced by Caruana [15], who showed that learning multiple related tasks can
improve generalization by exploiting shared structure in the data. In the context of large
language models, multitask learning enables a single model to perform a variety of tasks
such as question answering, text classification, summarization, and dialogue generation.
Recent work has demonstrated that multitask fine-tuning can improve performance by
leveraging shared knowledge across tasks and reducing the need for separate task-specific
models [16,17].

Multitask learning also offers advantages in terms of computational efficiency and
model deployment. Instead of maintaining multiple specialized models for different tasks,
a single multitask model can be deployed across multiple applications. However, multitask
learning introduces new challenges related to resource allocation and model capacity.
Different tasks may require different levels of model complexity and computational effort.
Static allocation of computational resources may therefore lead to inefficient utilization of
model capacity. Designing mechanisms that dynamically allocate model capacity according
to task complexity or input difficulty remains an important research challenge in multitask
learning systems.

2.4. Mixture-of-Experts (MoE) Architectures

MoE architectures provide an effective mechanism for scaling neural networks while
maintaining computational efficiency. The original concept of MoE was introduced by
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Kaplan et al. [13], who proposed a framework in which multiple expert networks are
combined through a gating mechanism that selects experts based on input data.

In modern deep learning architectures, MoE layers typically consist of multiple feed-
forward expert networks and a gating network that determines which experts should
process each input token. Instead of activating the entire model for every input, only a
small subset of experts is activated, resulting in conditional computation. Shazeer et al. [7]
introduced sparsely gated MoE layers for large neural networks and demonstrated that
conditional computation can dramatically increase model capacity without proportionally
increasing computational cost. More recent large-scale models such as Switch Trans-
former [8] and GShard [9] successfully applied MoE architectures to transformer models
with billions or trillions of parameters. These models demonstrated that sparse expert
activation enables efficient scaling of neural networks to unprecedented sizes.

MoE architectures are particularly well suited for multitask learning scenarios because
different experts can specialize in different types of inputs or tasks. This specialization
allows the model to capture diverse patterns in the data while maintaining efficient com-
putation. However, MoE architectures also introduce new challenges. One of the most
well-known issues is expert imbalance, where a small number of experts receive the ma-
jority of routing assignments while others remain underutilized. Various load-balancing
techniques have been proposed to address this problem [8]. Another limitation is the use
of static expert routing strategies, which assign a fixed number of experts to each token
regardless of input complexity.

2.5. Static Expert Routing and Its Limitations

In most MoE implementations, expert selection is performed using a top-k routing
strategy, where the gating network assigns probabilities to experts and the top-k experts
with the highest probabilities are selected. Although this approach is computationally
efficient, it has several limitations.

First, static routing assigns the same number of experts to all tokens regardless of their
difficulty or uncertainty. In natural language processing tasks, tokens may vary significantly
in complexity. Some tokens can be processed easily using minimal computation, while
others may require more complex reasoning or contextual understanding.

Second, static routing may lead to inefficient resource allocation. Simple tokens
may receive unnecessary computational resources, while complex tokens may not receive
sufficient processing capacity.

Third, static routing can contribute to expert imbalance. Because the same experts
are frequently selected across tokens, certain experts may dominate routing assignments,
leading to reduced diversity of learned representations.

These limitations suggest that more adaptive routing strategies could improve both
computational efficiency and model performance.

2.6. Dynamic Expert Routing and Adaptive Computation

Adaptive computation has been studied extensively in neural networks as a mecha-
nism for allocating computational resources according to input difficulty.

One of the earliest approaches is Adaptive Computation Time (ACT) proposed by
Graves [18], which allows recurrent networks to dynamically determine the number of
computation steps required for each input.

More recent work has explored adaptive routing mechanisms in Mixture-of-Experts
models. Huang et al. [19] proposed allocating experts according to task difficulty, demon-
strating that more complex tasks benefit from increased expert capacity. Similarly,
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Yun et al. [20] investigated routing strategies that optimize inference efficiency by dy-
namically selecting experts based on input characteristics.

While these approaches demonstrate the potential benefits of adaptive routing, many
existing methods rely on task-level or sequence-level difficulty estimates. These estimates
may not capture fine-grained variations in token-level complexity.

While adaptive routing approaches such as ACT and dynamic MoE have been ex-
plored in prior work, these methods typically involve architectural modifications or addi-
tional training procedures that make direct comparison with the MoE-LoRA framework
non-trivial. In particular, these approaches often introduce different routing objectives
or computational mechanisms, which makes it difficult to isolate the effect of the pro-
posed routing strategy under a consistent experimental setting. Unlike recent dynamic
routing approaches such as Huang et al. [19], which primarily allocate experts based on
task difficulty or externally estimated routing complexity, the proposed CBDR framework
derives uncertainty directly from the entropy of the gating probability distribution pro-
duced within the MoE routing process itself. This design enables uncertainty estimation
without requiring additional routing predictors or auxiliary difficulty estimation modules.
Furthermore, the proposed CBIB objective explicitly integrates confidence-aware balancing
into expert utilization, providing a unified framework for adaptive routing and expert
balancing within the MoE-LoRA fine-tuning setting.

Therefore, in this work, we focus on comparing against standard MoE and MoE-LoRA
baselines to provide a controlled evaluation and isolate the contribution of the proposed
confidence-based dynamic routing mechanism.

2.7. Addressing Uncertainty-Based Routing by the Proposed Method

Uncertainty estimation has become an important topic in machine learning. In
Bayesian deep learning, predictive uncertainty is often measured using entropy or variance
of predictive distributions. Entropy-based uncertainty measures have been widely used for
tasks such as active learning, ensemble prediction, and model calibration. In the context of
Mixture-of-Experts architectures, the entropy of the gating distribution naturally reflects
the uncertainty of expert assignment decisions. When one expert receives a dominant
probability, the routing decision is confident. Conversely, when multiple experts receive
similar probabilities, the gating network exhibits uncertainty. Despite this intuitive inter-
pretation, relatively few studies have explored using gating entropy as a signal for dynamic
expert allocation.

The proposed Confidence-Based Dynamic Routing (CBDR) method differs from ex-
isting approaches in several key aspects. First, CBDR estimates token-level uncertainty
directly from the gating probability distribution, eliminating the need for additional dif-
ficulty estimation modules. Second, CBDR dynamically adjusts the number of activated
experts per token, enabling fine-grained allocation of computational resources. Third, the
proposed Confidence-Based Importance Balancing (CBIB) loss incorporates confidence
information into expert balancing objectives, improving expert utilization stability.

These contributions enable adaptive compute allocation at the token level while
maintaining the efficiency advantages of MoE architectures. Table 1 summarizes the
differences between CBDR and existing adaptive routing approaches.

Table 1. Existing Adaptive Routing Approaches.

Method Routing Level Difficulty Measure Compute Adaptation

Switch Transformer Token None Fixed Top-K
Dynamic MoE Task/Sequence Heuristic Dynamic

ACT Step Halting Probability Dynamic
CBDR (Ours) Token Gating Entropy Dynamic Expert Count

https://doi.org/10.3390/data11070172

https://doi.org/10.3390/data11070172


Data 2026, 11, 172 7 of 22

3. Proposed Method
3.1. Overview of the CBDR Framework

This section introduces the proposed Confidence-Based Dynamic Routing (CBDR)
framework for adaptive expert allocation in Mixture-of-Experts (MoE) transformer ar-
chitectures. The objective of the proposed method is to allocate computational resources
according to token-level uncertainty during multitask fine-tuning of large language models.

Modern MoE architectures employ conditional computation by activating only a
subset of expert networks for each token [7,8]. In conventional implementations, the
number of experts activated for each token is fixed and determined by a predefined top-k
routing rule. Although this strategy maintains computational efficiency, it fails to account
for variability in token difficulty and uncertainty.

In practical natural language processing tasks, tokens vary significantly in semantic
complexity. Some tokens correspond to common patterns that the model can process with
high confidence, while others represent ambiguous or rare patterns requiring additional
computation. Static expert routing therefore allocates identical computational resources to
tokens regardless of their difficulty.

To address this limitation, the proposed CBDR framework dynamically adjusts the
number of activated experts according to token-level confidence derived from the entropy
of the gating distribution.

The CBDR framework consists of three main components:

1. Gating network and entropy-based confidence estimation;
2. Dynamic expert allocation mechanism;
3. Confidence-Based Importance Balancing (CBIB) loss.

The first component estimates token-level routing uncertainty using the entropy
of the gating probability distribution. The second component dynamically determines
the number of experts assigned to each token based on this confidence score. The third
component introduces a training objective that encourages balanced expert utilization
during training. This design enables the model to allocate additional computational
capacity to uncertain tokens while avoiding unnecessary computation for tokens that can
be processed confidently. The core idea is illustrated in Figure 2.

Figure 2. Gating Network.
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3.2. MoE Transformer Architecture

We consider a transformer architecture consisting of alternating multi-head self-
attention layers and feed-forward layers [1]. In the proposed framework, the standard
feed-forward layer is replaced by a Mixture-of-Experts layer.

Let xt ∈ Rd denote the representation of token t produced by the attention layer.
The MoE layer contains K expert networks, E1, E2, . . . , EK, and each expert is imple-

mented as a feed-forward network with parameters Ek(· ; θk).
A gating network determines which experts should process each token. For a given

token t, the gating network produces a set of logits Zit corresponding to each expert i,
G(xt)i = gi · xt = Zit . These logits are converted into routing probabilities through
a softmax function Pit = softmax(Zit). The softmax operation produces a probability
distribution over all experts, softmax(Zit) = eZit

∑K
j=1 eZjt

, where K denotes the number

of experts.

3.3. Entropy-Based Confidence Estimation and Dynamic Routing

In conventional MoE models, a fixed number of experts (top-K) are selected according
to these probabilities. As shown by Algorithm 1, the output of the MoE layer is then
computed as

Y = ∑j∈ topK Pjt · E(xt)j, (1)

where E(xt)j denotes the output of expert j.

Algorithm 1: Confidence-Based Dynamic Routing (CBDR)

Input: token representation xt

Output: MoE output yt

1: Compute gating logits zi = g(xt)

2: Compute routing probabilities pi = softmax(zi)
3: Compute entropy

H(xt) = −
K

∑
i=1

pi log pi

4: Compute confidence score

C(xt) = 1 − H(xt)

log K

5: Determine number of experts

kt = kmin + (1 − C(xt))(kmax − kmin)

6: Select top kt experts
7: Compute expert outputs

yt = ∑
i ∈ Top(kt)

piE(xt)i

Return yt

However, static expert routing assigns the same number of experts to all tokens re-
gardless of their uncertainty or difficulty. To address this limitation, the proposed approach
introduces a token-level confidence score derived from the entropy of the gating distribution.
The entropy of the probability distribution is computed as H(Pt) = −∑K

j=1 Pit log Pit. This
entropy measures the uncertainty of the expert assignment. Higher entropy indicates that
the gating network is uncertain about which expert should process the token.

https://doi.org/10.3390/data11070172
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We define the token-level uncertainty score Ut based on the normalized entropy of
the gating probability distribution as Ut = H(Pt)/log K, where log denotes the natural
logarithm. The corresponding confidence score is defined as Ct = 1 − Ut. Higher
entropy corresponds to higher uncertainty, indicating less confident expert assignment.
This formulation normalizes the confidence score to the range [0,1], where higher values
indicate greater certainty in expert selection. Entropy serves as a natural measure of
uncertainty in probability distributions. When the gating distribution has low entropy,
the model strongly prefers a specific expert, indicating high confidence in expert selection.
Conversely, high entropy indicates uncertainty in expert assignment, suggesting that
additional experts may be beneficial for processing the token.

Using this confidence score, the number of experts assigned to each token is dy-
namically adjusted, Et = Emin + Ct (Emax − Emin), where Emin and Emax represent the
minimum and maximum number of experts that can be activated for a token.

Let kmin denote the minimum number of experts that must be activated for each token,
and kmax denote the maximum number of experts allowed. The number of activated experts
for token t is computed as

kt = kmin + Ut (kmax − kmin), (2)

where Ut is the normalized uncertainty derived from the entropy of the gating distribution.
Since the number of activated experts must be an integer, the computed kt value is rounded
to the nearest integer before expert selection is performed.

Equation (2) has the following properties: first, when uncertainty is low (Ut ≈ 0), the
number of experts approaches kmin; second, when uncertainty is high (Ut ≈ 1), the number
of experts approaches kmax. This formulation aligns with the intuition that more uncertain
tokens require additional expert capacity for accurate processing. This formulation reflects
the intuition that more uncertain tokens require additional expert capacity for accurate
processing. Since confidence is defined as Ct = 1 − Ut, higher confidence corresponds
to fewer activated experts, establishing an inverse relationship between confidence and
expert allocation.

As shown by Figure 3, the routing algorithm then selects the top kt experts according
to the routing probabilities pi(xt).

Figure 3. High confidence dynamic routing activates fewer experts (left), while low-confidence
tokens activate additional experts (right).

This adaptive strategy allows the model to allocate computational resources according
to token difficulty.
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Under this routing strategy, high-confidence tokens are processed with fewer experts,
and low-confidence tokens are assigned additional experts. This dynamic allocation allows
the model to devote more computational resources to difficult tokens while avoiding
unnecessary computation for easier ones.

In terms of computational overhead for dynamic routing methods, let K = total number
of experts, and kt = number of activated experts for token t.

In standard MoE routing with fixed top-k selection, the computational complexity
per token is O

(
kd2), where d is the hidden dimension. In CBDR, the complexity becomes

O
(
ktd2), where kt varies across tokens. However, the additional cost of computing entropy

is O(K), which is negligible compared with expert computation. Therefore, the overall
complexity becomes: O

(
ktd2 + K

)
, since kt remains small relative to K, CBDR maintains

computational efficiency.
In our experiments, the number of experts K is set to six. This further demonstrates

that the overhead of entropy computation is negligible compared to expert computation.

3.4. Confidence-Based Importance Balancing (CBIB) Loss

In MoE architectures, a common issue is expert imbalance, where certain experts
are activated significantly more frequently than others. This imbalance can lead to ineffi-
cient expert utilization and degraded model generalization. To address this problem, we
introduce a CBIB loss that encourages more uniform expert participation during training.

The importance M of each expert is computed by aggregating the product of the gating
probability and token confidence across all tokens in a batch,

M(X) = ∑x∈ X G(x) · C(x), (3)

where G(x) denotes the gating probability and C(x) represents the token-level confidence,
defined as C(x) = 1 − U(x), where U(x) is the normalized uncertainty.

To measure imbalance across experts, we compute the coefficient of variation (CV) of
the importance values, CV(M(X)) = σ(M(X))/(µ(M(X)) + ϵ), where σ and µ represent
the standard deviation and mean of expert importance values, respectively.

We use CV because it provides a normalized measure of dispersion that is independent
of the scale of importance values, enabling consistent comparison across training batches.
The weighting coefficient wCBIB is selected based on validation performance to balance
task accuracy and expert utilization.

The proposed importance balancing loss is defined as

LCBIB = wCBIB(CV(M(X)))2, (4)

where wCBIB is a weighting coefficient. This loss penalizes imbalanced expert utiliza-
tion and encourages the model to distribute workload more evenly across experts. The
load balancing loss follows the auxiliary loss formulation used in Switch Transformer,
which encourages uniform expert assignment. The final training objective is defined as
Ltotal = Lload balancing + LCBIB, where LCBIB complements the standard load balancing
objective by incorporating token-level confidence into the expert utilization process. The
gradients from LCBIB are applied to the gating network parameters, as the objective is to
influence expert selection behavior rather than modifying expert representations directly.
By incorporating confidence information into the balancing objective, the proposed method
promotes stable expert utilization while preserving the benefits of adaptive expert routing.

This formulation can be interpreted as an uncertainty-aware reweighting of expert
importance, where tokens with higher uncertainty contribute more strongly to the balancing
objective. Unlike standard load-balancing losses that treat all tokens equally, the proposed
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CBIB loss adapts the balancing process based on token difficulty, which helps stabilize
expert specialization while reducing the influence of noisy or ambiguous routing decisions.

3.5. Integration with LoRA Fine-Tuning

The proposed framework is designed to work with Low-Rank Adaptation (LoRA) [6].
LoRA reduces the number of trainable parameters by introducing low-rank updates to
weight matrices. Given a pretrained weight matrix W, LoRA replaces the update with

W ′ = W + BA, (5)

where A ∈ Rr×d, B ∈ Rd×r and r is the rank of the decomposition.
During training, pretrained weights W remain frozen, and only A and B are updated.
In the proposed framework, LoRA modules are inserted into (i) attention projection

matrices, (ii) feed-forward layers, and (iii) expert networks.
This design allows efficient adaptation of the model to new tasks while preserving the

benefits of dynamic routing.
The proposed CBDR framework offers several advantages. Computational resources

are allocated according to token difficulty. It improves expert utilization as CBIB prevents
expert imbalance. It provides compatibility with PEFT methods since CBDR integrates
naturally with LoRA fine-tuning. In addition, it presents minimal computational overhead
since entropy estimation adds negligible cost.

These properties make CBDR a practical approach for improving efficiency and scala-
bility in MoE-based large language models.

4. Experiments
This section describes the experimental setup, datasets, and evaluation results used

to assess the effectiveness of the proposed CBDR method for MoE-LoRA models. The
experiments focus on evaluating whether the proposed routing mechanism improves
model performance and expert utilization in multitask medical question-answering tasks.

4.1. Experimental Setup

The proposed method is implemented within a Mixture-of-Experts transformer archi-
tecture combined with Low-Rank Adaptation (LoRA) for parameter-efficient fine-tuning.
All experiments are conducted using pretrained large language models augmented with
MoE layers in the feed-forward components of the transformer architecture.

The primary base model used in this study is Mistral-7B-Instruct [21], a transformer-
based language model with approximately seven billion parameters. This choice en-
ables a controlled evaluation of the proposed routing mechanism within a consistent
experimental setting.

The models are implemented using the PyTorch v2.4.1 deep learning framework and
the HuggingFace Transformers library, which provides optimized implementations of
transformer architectures and training utilities. Training is performed on a workstation
equipped with an NVIDIA TITAN RTX GPU with 24 GB of memory was manufactured
by NVIDIA in Santa Clara, California, United States., an Intel Xeon CPU, and 64 GB of
system memory. Mixed-precision training is employed to reduce memory consumption
and accelerate training.

The transformer backbone is augmented with Mixture-of-Experts layers replacing the
standard feed-forward network blocks. Each MoE layer contains a set of expert networks
and a gating network that determines which experts are activated for each token. In the
proposed framework, the number of activated experts is dynamically determined based on
token-level confidence derived from the entropy of the gating probability distribution.

https://doi.org/10.3390/data11070172
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To evaluate scalability, experiments are conducted using three different expert config-
urations consisting of 4, 8, and 16 experts, respectively. The CBDR mechanism dynamically
adjusts the number of activated experts for each token within a predefined range. In the
experiments, the minimum number of experts per token is set to two, while the maximum
number of experts is set to six. This configuration allows the model to allocate additional
computational resources to uncertain tokens while maintaining computational efficiency
for high-confidence tokens.

The weighting coefficient wCBIB is empirically selected based on validation perfor-
mance to balance task accuracy and expert utilization.

4.2. LoRA Fine-Tuning Configuration

To enable efficient training of large models, the proposed framework incorporates
Low-Rank Adaptation (LoRA) [6], which significantly reduces the number of trainable
parameters during fine-tuning. Instead of updating the full weight matrices of the trans-
former architecture, LoRA introduces low-rank update matrices that modify the original
pretrained weights while keeping the majority of parameters frozen.

In the experiments, LoRA modules are inserted into the attention projection matrices
and feed-forward layers of the transformer architecture. Specifically, LoRA is applied to
the query, key, value, and output projection matrices of the self-attention mechanism as
well as to the linear transformations in the feed-forward network layers. The rank of the
LoRA decomposition is set to 16, and the scaling factor is also set to 16, which is consistent
with configurations commonly used in parameter-efficient fine-tuning studies.

During training, the parameters of the pretrained backbone model remain frozen, and
only the LoRA parameters and gating network parameters are updated. This approach
significantly reduces the number of trainable parameters and allows efficient fine-tuning
even for large models.

The models are trained using the AdamW optimizer, which has been widely adopted
for transformer-based architectures due to its stability and strong empirical performance.
The learning rate is set to 2 × 10−4, and the batch size is set to 8. Each model is trained
for three epochs, which was found to be sufficient for convergence in the biomedical
question-answering tasks considered in this work.

Due to the small size of the datasets, we use a limited number of training epochs to
avoid overfitting. In preliminary experiments, we observed that performance saturates
quickly, and additional training epochs do not yield significant improvements.

4.3. Datasets

The proposed method is evaluated on three biomedical question-answering datasets
(Table 2) that represent different types of domain-specific reasoning tasks. Biomedical ques-
tion answering is a particularly challenging application for large language models because it
requires understanding specialized terminology and reasoning over scientific knowledge.

Table 2. Dataset Statistics [22–26].

Dataset # Total # Train # Test Task

BioASQ [22–24] 810 670 140 Yes/No
PubMedQA [25] 1000 900 100 Yes/No/Maybe
RealMedQA [26] 1159 1000 159 Q-A

Note: # denotes the number of samples.

These datasets represent different biomedical QA scenarios, including binary classifi-
cation and open-ended question answering. Biomedical QA tasks often involve limited
training data and domain-specific reasoning, making them suitable for evaluating the effec-
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tiveness of dynamic expert allocation. The first dataset used in the experiments is BioASQ, a
biomedical question-answering benchmark derived from PubMed articles [22–24]. BioASQ
questions are created by biomedical experts and cover a wide range of topics including
gene-disease relationships, biological processes, and drug interactions. In this study, we
focus on the yes/no question subset of BioASQ, which requires determining whether a
biomedical statement is correct. The dataset contains 670 training samples and 140 test
samples. The second dataset is PubMedQA [25], which consists of biomedical questions
derived from PubMed abstracts. Each question is accompanied by supporting text from
biomedical literature, and the task requires the model to determine whether the answer is
“yes,” “no,” or “maybe.” PubMedQA emphasizes reasoning over scientific evidence rather
than simple knowledge retrieval. The dataset used in the experiments contains 900 training
samples and 100 test samples. The third dataset is RealMedQA [26], which consists of
real-world clinical questions collected from healthcare environments. These questions often
involve diagnostic reasoning, treatment decisions, and interpretation of medical evidence.
Compared with BioASQ and PubMedQA, RealMedQA focuses more strongly on clinical
reasoning tasks. The dataset contains 1000 training samples and 159 test samples.

Together, these datasets provide complementary evaluation scenarios covering
biomedical knowledge retrieval, scientific reasoning, and clinical decision-making.

4.4. Baseline Models

To evaluate the effectiveness of the proposed CBDR mechanism, several baseline
models are considered. The first baseline is the pretrained language model without task-
specific fine-tuning. This model serves as a reference point to evaluate the benefits of
parameter-efficient fine-tuning and expert specialization.

The second baseline is a LoRA fine-tuned model without expert routing. This model
evaluates the benefits of parameter-efficient fine-tuning alone and provides a comparison
for the proposed MoE-based architecture.

The third baseline is a MoE-LoRA model with static expert routing, which represents
the standard approach used in most existing MoE architectures. In this configuration, a
fixed top-k routing strategy is used to select experts for each token. Specifically, two experts
are selected for each token according to the highest routing probabilities produced by
the gating network. These baselines allow the experiments to isolate the contributions of
dynamic routing and expert balancing introduced in the proposed method.

4.5. Main Experimental Results

Table 3 summarizes the performance of the evaluated models across the three biomed-
ical question-answering datasets. The results demonstrate that the proposed CBDR mecha-
nism consistently improves performance compared with both the LoRA-only model and
the static MoE-LoRA baseline.

The results show that the proposed CBDR mechanism consistently improves perfor-
mance across all datasets. On BioASQ, CBDR achieves the highest F1 score of 0.88 and
MRR (Mean Reciprocal Rank) of 0.83, outperforming both Single LoRA and the static
MoE-LoRA baseline. On PubMedQA, the combination of CBDR with the importance
balancing loss achieves the best results, reaching an F1 score of 0.53 and accuracy of 0.78.
On RealMedQA, CBDR improves cosine similarity from 0.71 to 0.74, indicating improved
semantic alignment between predicted and reference answers. These results demonstrate
that dynamic expert routing based on token confidence improves both model performance
and expert utilization.
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Table 3. Main Results of Confidence-Based Dynamic Routing (CBDR) across datasets. All results are
obtained using the Mistral-7B-Instruct base model unless otherwise noted. Cosine Similarity is used
as the evaluation metric for RealMedQA.

Dataset BioASQ [22–24] PubMedQA [25] RealMedQA [26]

Metric F1 MRR F1 Accuracy Cosine Similarity

Pretrained 0.70 0.66 0.15 0.17 0.70
Single LoRA 0.84 0.71 0.36 0.45 0.84

Baseline
(MoE-LoRA) 0.85 0.79 0.48 0.73 0.85

MoE-LoRA +
CBDR 0.88 0.83 0.51 0.76 0.88

MoE-LoRA +
CBDR + Limportance

0.87 0.82 0.53 0.78 0.87

Note: Bold values indicate the best results.

Although CBDR dynamically increases the number of experts for uncertain tokens,
the overall computation remains efficient because a large portion of tokens are processed
with fewer experts. In practice, the cost of computing entropy from the gating distribution
is negligible compared with the computational cost of activating additional experts. As
a result, CBDR introduces minimal overhead while enabling more efficient allocation of
expert computation.

4.6. Ablation Study

To further analyze the contribution of different components, several CBDR config-
urations were evaluated. The results reported in Tables 4 and 5 correspond to ablation
configurations under different experimental settings, including variations in LoRA applica-
tion and routing strategies. Therefore, absolute values may differ from the main results
reported in Table 3, which are obtained under the primary experimental configuration.

The results in Table 4 indicate that CBDR consistently improves performance compared
to static routing, while importance balancing enhances expert utilization stability. Among
the evaluated configurations, combining CBDR with a fixed top-k expert subset achieves
the best overall performance, suggesting a balanced trade-off between routing flexibility
and stable expert specialization. While CBDR dynamically allocates experts according
to token uncertainty, maintaining a small fixed expert subset helps stabilize the routing
process and encourages consistent expert specialization during training.

Table 4. Performance of Different CBDR Configurations with MoE-LoRA.

Dataset BioASQ PubMedQA RealMedQA

Metric F1 MRR F1 Accuracy Cosine
Similarity

MoE-LoRA +
CBDR 0.85 0.78 0.42 0.61 0.71

MoE-LoRA +
CBDR + Limportance

0.87 0.81 0.40 0.61 0.75

MoE-LoRA +
CBDR + Top-K 0.89 0.84 0.42 0.60 0.78

MoE-LoRA +
CBDR + Adaptive

Threshold
0.88 0.83 0.41 0.60 0.57

Note: Bold values indicate the best results.
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Table 5. Ablation study evaluating the contribution of CBDR and CBIB expert balancing across
biomedical QA datasets. CBDR + Fixed Top-K ensures inclusion of a fixed subset of top-k experts,
while CBDR + Adaptive Threshold uses an uncertainty threshold to control expert allocation.

Model
Configuration CBDR CBIB Loss Routing

Strategy BioASQ F1 PubMedQA
Accuracy

RealMedQA
Similarity

Static
MoE-LoRA
(Baseline)

✗ ✗ 
Fixed
Top-2 0.85 0.73 0.71

CBDR Only ✓ ✗ 
Dynamic
Experts 0.87 0.75 0.73

CBDR + CBIB
(Proposed)

✓ ✓ 
Dynamic
Experts 0.88 0.76 0.74

CBDR + Fixed
Top-K

✓ ✗ 
Top-2 +

Dynamic
Scaling

0.87 0.74 0.73

CBDR +
Adaptive
Threshold

✓ ✗ 
Entropy

Threshold 0.86 0.74 0.72

Note: Bold values indicate the best results. The symbol ✓ indicates that the corresponding component is used,

whereas ✗ indicates that the corresponding component is not used.

Table 5 presents the ablation study evaluating the individual contributions of the
proposed CBDR mechanism and the CBIB importance balancing loss. To better understand
the contributions of different components of the proposed framework, we conduct an abla-
tion study that evaluates several model configurations. The first configuration uses CBDR
without the CBIB loss. This experiment evaluates the impact of dynamic routing alone. The
second configuration includes both CBDR and CBIB, representing the full proposed model.
Additional configurations explore variations in routing strategies, such as combining CBDR
with fixed top-k selection and adaptive threshold routing. The ablation results indicate
that CBDR alone provides a significant performance improvement compared with static
routing. Adding the CBIB loss further improves model stability and expert utilization by
encouraging balanced expert participation during training.

Table 6 analyzes expert utilization patterns during inference to evaluate whether
the proposed routing mechanism improves expert diversity. In conventional static MoE
routing, a fixed number of experts are selected for each token, often leading to routing
imbalance where a small subset of experts receives the majority of routing assignments. This
phenomenon is reflected in the baseline results, where the maximum expert load reaches
nearly 39% while some experts receive fewer than 5% of assignments. Introducing CBDR
reduces this imbalance by dynamically allocating experts according to token uncertainty.
As shown in the table, the standard deviation of expert utilization decreases from 0.41
to 0.28, indicating a more balanced distribution of routing assignments across experts.
When the CBIB loss is added, expert utilization becomes significantly more balanced.
The maximum expert load decreases to approximately 25%, while the minimum expert
load increases to over 12%. These results confirm that the proposed CBIB loss effectively
mitigates routing collapse and promotes balanced expert participation during training.
Balanced expert utilization is important because it allows the model to fully exploit the
representational capacity of the expert networks. By distributing routing assignments
more evenly, the proposed method increases the diversity of learned representations and
improves model generalization.
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Table 6. Expert utilization statistics comparing static routing and the proposed CBDR mechanism.

Model Experts Avg Experts
per Token

Utilization
Std Dev ↓

Max Expert
Load (%) ↓

Min Expert
Load (%) ↑

Static
MoE-LoRA 8 2.0 0.41 38.7 4.3

CBDR (no
CBIB) 8 2.3 0.28 31.2 8.5

CBDR +
CBIB 8 2.4 0.17 24.6 12.3

Note: Bold values indicate the best performance among all methods. The symbols ↑ and ↓ indicate that higher
and lower values are better, respectively.

Table 7 evaluates the sensitivity of the proposed routing mechanism to the minimum
and maximum expert allocation parameters. These parameters control the range of experts
that may be activated for each token depending on the confidence score derived from the
entropy of the gating distribution.

Table 7. Sensitivity analysis of routing hyperparameters controlling the minimum and maximum
number of activated experts.

kmin kmax
Avg Experts per

Token BioASQ F1 PubMedQA
Accuracy

1 4 1.8 0.86 0.74
2 4 2.1 0.87 0.75
2 6 2.4 0.88 0.76
3 6 2.8 0.88 0.76
3 8 3.1 0.88 0.76

Note: Bold values indicate the best performance among all methods.

The results show that very small values of kmin slightly degrade model performance
because some tokens receive insufficient expert capacity. Increasing kmin to two improves
performance across all datasets by ensuring that each token receives at least a minimal
level of expert processing.

The best overall performance is achieved when kmin = 2 and kmax = 6. In this con-
figuration, the model maintains efficient computation for high-confidence tokens while
allowing uncertain tokens to activate additional experts. Further increasing kmax produces
only marginal improvements in performance while increasing computational cost. This
result suggests that dynamic routing provides the greatest benefit when the expert alloca-
tion range is moderate. Overall, the sensitivity analysis demonstrates that the proposed
CBDR mechanism is robust to reasonable variations in routing hyperparameters and does
not require careful tuning to achieve strong performance.

To directly test the core hypothesis underlying the proposed CBDR framework, we
conducted an entropy–performance analysis in which tokens were grouped according to
the entropy of the gating probability distribution H(Pt), where H(Pt) represents the entropy
of the expert selection probabilities produced by the gating network. This grouping enables
us to analyze how model performance varies across different levels of token uncertainty.
The purpose of this experiment was to determine whether the performance benefits of
dynamic routing are concentrated on tokens with higher uncertainty, as predicted by the
proposed method. As shown in Table 8, the performance gain of CBDR over static MoE
routing is strongly correlated with gating entropy. Here, the performance gain refers to
the improvement of CBDR over static routing within each entropy bin. In the low-entropy
regime, where the gating network exhibits high confidence in expert assignment, the
performance of CBDR is nearly identical to that of static routing. This result is expected
because such tokens are relatively easy to process and do not require additional expert
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capacity. In this regime, CBDR typically activates the minimum number of experts, thereby
preserving computational efficiency.

Table 8. Entropy-based performance analysis—tokens are partitioned into entropy bins according to
the gating distribution. Performance gain is measured as the improvement of CBDR over static MoE
routing within each entropy range.

Normalized
Entropy Bin Confidence Level Avg Experts

Activated (CBDR)
Static MoE

Accuracy/F1
CBDR

Accuracy/F1 Relative Gain

Low Entropy ([0.0,
0.3))

High
confidence 2.0 0.89 0.89 +0.0%

Medium Entropy
([0.3, 0.6))

Moderate
confidence 2.6 0.84 0.87 +3.6%

High Entropy ([0.6,
1.0])

Low
confidence 3.8 0.76 0.83 +9.2%

In contrast, the gains become substantially larger for tokens with moderate and high
gating entropy. For medium-entropy tokens, CBDR improves performance by approxi-
mately 3.6%, while for high-entropy tokens the performance gain increases to more than
9%. These results strongly support the central hypothesis of the paper: uncertain tokens
benefit disproportionately from additional expert allocation. By activating more experts for
tokens where the gating network is uncertain, CBDR enables richer expert aggregation and
improved representation quality.

These results suggest that a substantial portion of the overall performance improve-
ment achieved by CBDR originates from the effective handling of a relatively small subset
of high-uncertainty tokens. This observation supports the efficiency motivation of the
proposed method, where additional expert capacity is selectively allocated only to tokens
that require more complex processing.

The corresponding trend is illustrated in Figure 4, where performance gain is plotted
as a function of gating entropy. The approximately monotonic relationship between en-
tropy and performance improvement provides direct empirical validation of the proposed
uncertainty-aware routing strategy.

Figure 4. Relationship between gating (or called routing) entropy and CBDR performance gain.
Higher entropy tokens receive additional expert allocation.

Figure 4 illustrates the relationship between gating entropy and the relative perfor-
mance gain of CBDR compared with static MoE routing. The horizontal axis represents
the average entropy of the gating distribution, and the vertical axis represents the relative
performance improvement of CBDR. The monotonic increase indicates that the benefit of
dynamic expert allocation grows with routing uncertainty, supporting the central hypothe-
sis that uncertain tokens benefit most from additional expert capacity. As gating entropy
increases, the performance benefit of CBDR increases monotonically. For low-entropy
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tokens, where the gating network is already confident in expert assignment, the perfor-
mance gain is negligible. In contrast, high-entropy tokens exhibit substantially larger gains,
indicating that additional expert allocation is most beneficial when routing uncertainty is
high. This trend provides direct empirical support for the core hypothesis of the proposed
uncertainty-aware routing mechanism.

This is particularly important because it demonstrates that CBDR is not merely a
heuristic modification of static routing, but rather a principled mechanism whose benefits
are concentrated precisely where additional computation is most needed.

From a broader perspective, this result strengthens the theoretical motivation for using
entropy as a routing signal. In probabilistic models, entropy is a standard measure of
uncertainty, and the present results show that gating entropy serves as a practical indicator
of token-level difficulty in MoE-based language models. The experiment therefore provides
both empirical and conceptual support for the use of entropy-based confidence in dynamic
expert allocation.

Lastly, in our ablation study, we measured the average number of activated experts
per token and estimated the corresponding floating-point operations (FLOPs) to evaluate
the computational efficiency of CBDR. Table 9 shows the computational efficiency of CBDR.
The reported FLOP values are approximate estimates derived from the average number of
activated experts per token and the corresponding MoE layer configuration, rather than
direct hardware-level measurements. The additional overhead introduced by the CBIB
objective mainly arises from the computation of the coefficient of variation across expert
importance values during training.

Table 9. Computational Efficiency of CBDR.

Model Avg Experts/Token Relative FLOPs Performance Gain

Static MoE 2.0 1.00 baseline
CBDR 2.3 1.15 +3–5%

CBDR + CBIB 2.4 1.20 +4–6%

Although CBDR occasionally activates more experts for uncertain tokens, high-
confidence tokens frequently require only two experts, reducing overall computing re-
quirements relative to naive dynamic routing strategies. These results indicate that CBDR
improves model performance while maintaining computational efficiency.

In practice, the gating entropy distribution indicates that a large proportion of to-
kens exhibit relatively high confidence. These tokens can therefore be processed with
fewer experts, allowing the model to allocate additional computational resources to more
uncertain tokens.

While Table 9 reports relative FLOPs to quantify computational cost, we note that
wall-clock training and inference time may vary depending on hardware implementation
and system-level optimizations. In particular, dynamic expert allocation can introduce
irregular computation patterns that affect GPU/TPU utilization.

However, the primary goal of this analysis is to provide a relative comparison of
computational cost across routing strategies. Since entropy is computed directly from gating
probabilities, the additional overhead remains negligible compared to expert computation.

4.7. Experiment Discussions

The experimental results demonstrate that the proposed CBDR mechanism improves
the efficiency and performance of MoE-based language models. By allocating experts
dynamically according to token-level confidence, the model can dedicate more computa-
tional resources to difficult inputs while avoiding unnecessary computation for simpler
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tokens. Although the CBIB loss slightly reduces peak task performance in some cases,
it improves expert utilization balance and may enhance training stability in larger-scale
models. Overall, the results suggest that uncertainty-aware expert routing provides an
effective approach for improving both efficiency and performance in MoE-based LLMs.

To better understand the behavior of the proposed routing mechanism, we analyze
the expert utilization patterns observed during the experiments. In MoE architectures,
expert imbalance is a common issue, where a small subset of experts receives the majority
of routing assignments while others remain underutilized. Such imbalance can reduce
computational efficiency and limit the diversity of learned representations.

In the baseline MoE-LoRA model with static top-k routing, the number of activated
experts per token is fixed, which often leads to repeated selection of the same experts.
In contrast, the proposed CBDR dynamically adjusts the number of activated experts
based on token-level confidence. High-confidence tokens are processed with fewer experts,
while uncertain tokens activate additional experts. This routing behavior often results in
expert concentration, where a small subset of experts receives a large proportion of routing
assignments. Such concentration limits the diversity of expert participation and may reduce
the overall representational capacity of the MoE architecture.

From the experimental observations, CBDR distributes routing assignments across a
broader range of experts compared to static routing. This adaptive routing increases routing
diversity and helps mitigate routing collapse, where the gating network repeatedly selects
the same experts. Furthermore, the CBIB loss encourages a more uniform distribution of
routing probabilities across experts by penalizing high variance in expert importance.

Overall, these results indicate that CBDR improves expert utilization by increasing
routing diversity while maintaining balanced expert participation. This behavior supports
more efficient and stable MoE training and demonstrates that confidence-based routing
provides an effective mechanism for uncertainty-aware compute allocation in MoE-based
language models. One possible explanation for this improvement is that dynamic expert
allocation allows less-confident tokens to explore a broader set of experts, while the CBIB
loss reinforces balanced expert participation across the model. This combination promotes
more robust expert specialization and reduces the risk of routing collapse, where a small
subset of experts dominates the routing decisions. Furthermore, the additional computation
required to estimate the gating entropy is minimal compared with the cost of activating
additional experts. Since entropy is computed directly from the gating probabilities that are
already available during routing, the overhead introduced by CBDR is negligible relative
to the expert computation.

5. Limitations and Future Work
While the proposed CBDR framework demonstrates consistent improvements in

performance and expert utilization, several limitations should be noted. We acknowledge
that the evaluation datasets are relatively small, which may limit statistical significance.
However, consistent performance improvements are observed across all datasets and
metrics, suggesting that the proposed method provides a stable performance gain. Future
work will include evaluation on larger datasets with statistical significance analysis. First,
the method relies on the choice of kmin and kmax to control the range of expert allocation.
Although our experiments show that the model is robust across a reasonable range of these
parameters, extreme settings may lead to either under-utilization or excessive activation
of experts. Future work could explore adaptive strategies for automatically determining
these bounds. Second, the current evaluation focuses on question-answering tasks. While
the proposed routing mechanism is general, its effectiveness for other task types, such as
open-ended text generation or long-form reasoning, requires further investigation. Third,
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although the computational overhead introduced by CBDR is minimal, as entropy is
computed directly from the gating probabilities, the cost is incurred at every token and
every MoE layer. For very large-scale models with many MoE layers, this overhead may
accumulate. Future work could investigate more efficient approximations or selective
entropy computation strategies. These limitations suggest several directions for future
research to further improve the scalability and general applicability of uncertainty-aware
routing in MoE-based language models.

6. Conclusions
This paper introduced a Confidence-Based Dynamic Routing (CBDR) mechanism

for improving expert allocation in Mixture-of-Experts language models. The proposed
method was implemented within a MoE-LoRA framework, which combines Mixture-of-
Experts architectures with Low-Rank Adaptation (LoRA) for parameter-efficient multitask
fine-tuning. By leveraging token-level confidence scores derived from the entropy of the
gating distribution, the proposed routing mechanism dynamically adjusts the number
of activated experts for each token. Experimental results on three biomedical question-
answering datasets—BioASQ, PubMedQA, and RealMedQA—demonstrate that the pro-
posed approach consistently improves model performance compared with conventional
static routing strategies. The CBDR mechanism enables more efficient expert allocation by
assigning additional computational resources to uncertain tokens while avoiding unneces-
sary computation for high-confidence inputs. As a result, the model achieves improved
performance across multiple evaluation metrics, including F1 score, MRR, accuracy, and
cosine similarity. In addition, the proposed Confidence-Based Importance Balancing (CBIB)
loss helps mitigate expert load imbalance by encouraging more uniform expert participa-
tion during training. Although this balancing objective may introduce minor trade-offs
in peak task performance, it improves expert utilization stability and prevents routing
collapse, which is particularly important for scalable MoE architectures.

Overall, the findings indicate that uncertainty-aware routing provides an effective
approach for improving both performance and computational efficiency in MoE-based
large language models. Future work may extend the proposed method to larger multitask
benchmarks and investigate its effectiveness in large-scale MoE architectures and other
application domains.

These findings suggest that uncertainty-aware routing provides a practical direc-
tion for improving the efficiency and adaptability of future large-scale MoE-based
language models.
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