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Abstract

Mixture of Experts (MoE) has great potential
in scaling up the capacity of large models while
maintaining low computational costs. However,
existing methods mainly reduce redundancy at
the expert level while overlooking fine-grained
neuron-level redundancy and expert collabo-
ration. In this paper, we propose an Infor-
mation Bottleneck based MoE (IBMoE) for
parameter-efficient fine-tuning, which reduces
neuron-level redundancy within each expert
and fosters internal collaboration among all ex-
perts. Specifically, IBMoE equips each expert
with learnable queries to capture task-specific
characteristics and employs sparse neuronal ac-
tivation to dynamically select the most rele-
vant neurons, reducing redundant activations
across tasks. In addition, a diversity constraint
is imposed among experts to maximize their
knowledge diversity, enabling them to coop-
erate more effectively. Extensive experiments
across multiple benchmarks show that IBMoE
consistently outperforms strong baselines while
activating significantly fewer parameters. In ad-
dition, IBMoE reduces inference latency by
61.7% and the memory footprint of adapters
by 48.2% compared with previous MoE-based
adaptation methods, while achieving compara-
ble training costs.

1 Introduction

Large language models (LLMs) (OpenAl, 2023;
Touvron et al., 2023a; Guo et al., 2025) have
achieved strong performance across a wide range
of Natural Language Processing (NLP) tasks (Bai
et al., 2025; Aggarwal et al., 2026; Tian et al.,
2026). However, adapting LLMs to diverse down-
stream tasks often requires parameter updates, lead-
ing to substantial training and inference costs. This
motivates parameter-efficient fine-tuning (PEFT)
methods, which freeze backbone models and opti-
mize a small set of trainable parameters.
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Figure 1: The differences between classical MoE and
IBMoE. MoE focuses on expert-level specialization,
while IBMoE enhances fine-grained, neuron-level spe-
cialization within each expert through sparse neuron
activation and neuron collaboration.

Early PEFT approaches such as prompt tuning
(Wang et al., 2025), prefix tuning (Zhao et al.,
2025), and P-tuning (Liu et al., 2021) introduce
learnable vectors into model inputs or intermediate
layers. While effective in some settings, they often
underperform on smaller models or more complex
tasks. Low-Rank Adaptation (LoRA) (Hu et al.,
2021) improves efficiency by learning low-rank up-
dates to model weights, achieving a better trade-off
between performance and cost.

Beyond PEFT, mixture-of-experts (MoE) offers
a promising conditional computation paradigm for
balancing capacity and efficiency. Instead of acti-
vating all parameters for every input, MoE routes
tokens to a subset of specialized experts, enabling
scalable models with constant per-token compu-
tation (Bengio et al., 2015; Lepikhin et al., 2020;
Zadouri et al., 2023; Gao et al., 2024; Zhu et al.,
2025). Recent efforts have combined MoE with
PEFT (Li et al., 2025), MoCE (Gao et al., 2025)
introduces a dual-level MoE framework for causal
intervention, and HMoE (Lin et al., 2026) uses hi-
erarchical expert routing for code search. However,
such methods often encounter challenges related to
knowledge redundancy and parameter inefficiency.
In addition, some studies have shown that MoE
architectures exhibit more pronounced redundancy
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than dense models (He et al., 2024), while directly
applying one-shot static pruning to MoE models
can lead to considerable performance degradation
due to their input-dependent expert activation (Xie
et al., 2024). Consequently, addressing knowledge
redundancy in MoE has become a critical challenge,
and prior research has generally pursued two main
lines of approach.

On the one hand, a line of work focuses on en-
couraging expert specialization. Some approaches
design task-aware routing strategies to guide expert
selection (Liu et al., 2024; Zhang et al., 2024). Oth-
ers partition dense models into experts or construct
parameter-isolated experts to improve specializa-
tion (Zuo et al., 2022; Zhu et al., 2024b). However,
these methods mainly focus on improving special-
ization at the expert level, while redundancy within
each expert remains largely unexplored.

On the other hand, enabling all experts to col-
laborate efficiently remains an important challenge
(Cai et al., 2024). Most methods rely on routing
mechanisms to assign tokens to multiple experts,
often combined with balance constraints to stabi-
lize utilization (Zhu et al., 2023). Some recent
studies further reduce representational similarity
across experts to mitigate collapse (Dai et al., 2024;
Do et al., 2025). However, these methods still oper-
ate at the level of expert routing, without explicitly
modeling interactions within experts or the underly-
ing differences in their internal representations. As
a result, the notion of expert knowledge diversity
remains implicit and under-constrained.

To address these limitations, we propose IBMoE,
a parameter-efficient MoE framework inspired by
the Information Bottleneck principle (Tishby et al.,
2000; Alemi et al., 2016). IBMoE aims to retain
only task-relevant information while reducing re-
dundant neuron activations. Specifically, each ex-
pert is equipped with learnable queries that induce
sparse neuron activation under an IB constraint, en-
abling fine-grained control over activated neurons.
In addition, we introduce a neuron-level collabo-
ration module that explicitly encourages comple-
mentary specialization across experts, improving
knowledge diversity and coordination. As shown
in Figure 1, IBMOE shifts the focus from expert-
level routing to neuron-level sparse activation and
collaboration, enabling more efficient utilization
of model capacity. The major contributions of our
work can be summarized as follows:
IBMoE, an

* We propose information

bottleneck-based MoE framework that
reduces neuron-level redundancy and enables
fine-grained expert collaboration.

* We introduce a sparse neuron activation mech-
anism driven by learnable queries to selec-
tively retain task-relevant information. More-
over, a neuron collaboration module is intro-
duced to explicitly guide all experts to cooper-
ate at the neuron-level with higher efficiency.

* We conduct extensive experiments to vali-
date the effectiveness and superiority of our
method. The experiments indicate that IB-
MOoE achieves the best average performance,
while reducing the inference time by 61.7%
and the memory footprint of adapters by
48.2% compared with existing MoE-based
PEFT methods.

2 Related Work

2.1 Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning (PEFT) aims to
adapt large language models to downstream tasks
while updating only a small number of parame-
ters. Existing PEFT methods can generally be
divided into prompt-based and adapter-based ap-
proaches. Prompt-based methods optimize learn-
able prompts or virtual tokens while keeping the
backbone frozen. Representative methods include
Prompt-Tuning (Lester et al., 2021), P-Tuning (Liu
et al., 2021), and Prefix-Tuning (Li and Liang,
2021). BitFit (Zaken et al., 2021) further reduces
trainable parameters by updating only bias terms.
Adapter-based methods instead introduce trainable
modules into the backbone architecture. IA3 (Liu
et al., 2022) scales intermediate activations using
learnable vectors, while LoORA (Hu et al., 2021) per-
forms low-rank parameter updates through decom-
posed matrices. Subsequent works further improve
efficiency and expressiveness through alternative
adapter designs (Braga et al., 2024; Ren et al,,
2024). Our method follows the PEFT paradigm
and combines it with sparse MoE modeling for
efficient adaptation.

2.2 Mixture of Experts

Mixture-of-Experts (MoE) enables conditional
computation by routing inputs to a subset of spe-
cialized experts. Existing MoE studies mainly fo-
cus on three directions. The first direction scales
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model capacity while maintaining constant per-
token computation. Representative approaches
such as GShard (Lepikhin et al., 2020), Switch
Transformer (Fedus et al., 2022), and DeepSeek-
MoE (Dai et al., 2024) improve scalability through
sparse expert routing and fine-grained expert de-
signs. The second direction reduces computational
cost through knowledge separation or expert de-
composition. For example, Llama-MoE (Zhu et al.,
2024b) and MoeBERT (Zuo et al., 2022) partition
dense model parameters into multiple experts to
improve efficiency. The third direction integrates
MokE with PEFT adapters. MoLoRA (Zadouri et al.,
2023) decomposes LoRA into multiple experts,
while MoLA (Gao et al., 2024), MoR1E (Liu et al.,
2024), and HMoRA (Liao et al., 2025) further im-
prove expert routing and specialization. However,
existing methods mainly focus on expert-level rout-
ing and specialization, while neuron-level redun-
dancy and explicit modeling of expert diversity
remain underexplored.

2.3 Information Bottleneck

Information Bottleneck (IB) aims to compress rep-
resentations while preserving task-relevant infor-
mation (Tishby et al., 2000). Prior studies have
shown that IB-based representation learning can
improve generalization by suppressing irrelevant
information in hidden representations (Kawaguchi
et al., 2023). To improve the optimization of con-
ventional IB objectives in deep neural networks,
several variants such as DeepIB (Tishby and Za-
slavsky, 2015) and DIB (Strouse and Schwab,
2017) have been proposed. IB has been success-
fully applied to graph learning (Yu et al., 2024;
Zhang et al., 2025), adversarial training (Chen
et al., 2022), model compression (Lorenzen et al.,
2021), and representation compression (Sheng
et al., 2023). More recently, Zhu et al. (2024a)
introduced IB to suppress noisy retrieved informa-
tion in LLM-based generation. Different from prior
IB applications, our method incorporates IB into
MoE-based PEFT to reduce neuron-level redun-
dancy and improve expert specialization.

3 Preliminaries

Mixture of Experts: In general, the MoE archi-
tecture consists of n feed-forward neural networks,
denoted as { E}!"_;, which process various inputs
through a gating mechanism. Specifically, the gat-
ing mechanism is a function equipped with the

trainable parameters W, € R%»*"_ For each in-
put z € R%n>x1 the gate function maps it to an
n-dimensional discrete probability vector, which
represents the contribution of each expert. Then, a
routing algorithm, such as the top-k or soft routing
method, is used to allocate the input to the experts.
In this paper, we select the top-k experts with the
highest contributions to process the input. The
output h; at ¢-th token is calculated as:

G; = TopK (softmax (W, z;)) (1)
N

hi = GicEe(x;) )
e=1

where G . represents the contribution of e-th ex-
pert at i-th token.

Low-Rank Adaptation: Inspired by the natural
low intrinsic dimension, LoRA introduces low-rank
decomposition for optimizing the weight matrix of
pre-trained LL.Ms to reduce the number of training
parameters. Let the weight matrix of a pre-trained
linear layer be W € R%n*dout 1 oRA learns two
low-rank matrices A € R"*%n» and B € R%ut*"
to update Wy, where r < min(d;y,, doyt). During
training, W) is frozen and only matrices A and B
are updated. Given an input z;, the output of the
LoRA layer can be expressed as:

hy = Wy @i + %BAmi
=Wy z; + AWz (3)

where « is a scale hyperparameter.

MOoE and LoRA: Some studies integrate the ad-
vantages of LoRA and MoE by constructing mul-
tiple LoRA adapters as experts, known as LoRA-
MOoE, to achieve expert specialization on different
tasks. Combining Equations 2 and 3, we have:

hi=Wowi+Y GieAWer;  (4)

e=1

where AW, is the weight matrix of e-th expert.

4 Methodology

In this section, we describe the details of the I1B-
MoE framework with Sparse Neuron Activation
(SNA) and Neuron Collaboration (NC), as shown
in Figure 2. Specifically, SNA integrates the 1B
principle into the MoE framework to capture each
expert’s knowledge characteristics. This integra-
tion reduces redundant information at the neuron
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Figure 2: The overall framework of IBMOoE consists of two components: Sparse Neuron Activation (SNA) and
Neuron Collaboration (NC). SNA utilizes the IB to learn a neuron-level query vector for discarding irrelevant details.
The NC strategy is then introduced to reduce redundant knowledge by modeling interactions among experts.

level and enhances expert specialization. In turn,
we introduce a NC mechanism that maximizes
knowledge diversity across experts, encouraging
collaboration and improving parameter utilization.

4.1 Sparse Neuron Activation

Typically, the knowledge characteristics of experts
are implicitly determined by the routing mecha-
nism, which makes it difficult to analyze and con-
trol redundant knowledge. Motivated by the IB
theory, we introduce the SNA module, which ex-
plicitly filters out task-irrelevant signals and pre-
serves task-specific information for each expert. At
a finer granularity, not all neurons within an expert
contribute equally to a task. Therefore, SNA ac-
tivates only the most relevant neurons, analogous
to sparse expert activation at the expert level. In
this way, SNA captures task-specific characteristics
by modeling differences in neuron activation distri-
butions across experts and enhances fine-grained
specialization. Specifically, let the inputs and la-
bels be denoted as X and Y, respectively, and let
H represent the compressed representation of X.
Each expert is trained to minimize the mutual in-
formation I(X; H) while maximizing I(H;Y), so
as to discard irrelevant information and preserve

task-relevant knowledge:

Ly = BI(X; H) = I(H;Y)
p(h|z)
p(h)
p(ylh)
p(y)

= E R
($,h)~p(l‘,h)

B log

-  E log
(hy)~p(h,y)

&)

where [ is a hyperparameter that used to control
the compression of X.

However, computing p(h) and p(y|h) directly
is intractable. To solve this, with the concept of
Variational Information Bottleneck (VIB) (Alemi
et al., 2016), we use two variational distributions
r(h) and ¢(y|h) to approximate p(h) and p(y|h),
which allows us to optimize the upper bound of L.
For the former term in Equation 5, we have:

I(X; H) = E log p(hA‘x) — log p(}})
(@,h)~p(@,k) r(h) h~p(h) r(h)

(6)

= E_KL(p(hlo)]|r(h)) ~ KL (p(h)]Ir(h))

By non-negativity of KL divergence,

KL(p(h) || r(h)) > 0, hence
I(X;H) < By KL(p(h | 2) | r(R)) (D)

Similarly, for the latter term in Equation 5 and
based on the fact that KL(p(y|h)||q(y|h)) > 0, the
lower bound is calculated as:
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B gPUM s g a(ylh)
(h,y)~p(h,y) p(y) (h,y)~p(h,y) p(y)
IH;Y)> E  logq(ylh) +H(Y)
(h,y)~p(h,y)

(®)
where H(Y") is the entropy of Y, which is indepen-
dent of the optimization and can be ignored.
Then, for optimizing Equation 7, we first add a
task-specific query V; € R%ut for E; to represent
the importance of the neurons in AW;. Before the
forward process, F; uses V; to generate a binary
mask M; = [my, ma, ...,mgq,,,]" € {0,1}%ut via
a Bernoulli-based importance sampling, where M;
indicates which neurons should be activated. M is
generated as follows:

Vi —min(V;) + €
max(V;) —min(V;) + €

M; = Ber ( > = Ber(V)

)
where Ber(.) is a function used for Bernoulli sam-
pling, and € is small positive number. Note that
the ¢ in the denominator prevents division by zero
errors, while € in the numerator ensures that each
neuron becomes activated when all neurons have
equal importance. The compressed hidden repre-
sentation can be expressed as:

ouGzeAW %
h _WO ZUzJFZt—I

sum(M,) (10)

where AWE = M, o AW,, o denotes element-wise
multiplication at the column level, and sum(.) is
a summation function. We provide the detailed
implementation and annotations in Appendix A.
In this paper, Bernoulli sampling is used as the
prior distribution, denoted as 7(h) = Ber(r). We
aim for the expected number of activated neurons
to follow a Bernoulli distribution with a probability
of 7, which enables controllable compression of
invalid information. Compared with h, the com-
putation of h additionally depends on the query
V of each expert, where V' is independent of x.
Consequently, we have p(h|z) = p(M|V) and
r(h) = r(M). Therefore, a sparsity constraint is
designed to minimize KL (p(ﬁ]:r) | \r(ﬁ)) :

N

V;
LS:;[V log— (1-V;)- logl1

__Z] (11)

where V; represents the mean value of V. By op-
timizing V with L, it encourages each expert ac-
tivate an expected proportion 7 of neurons with
heterogeneous importance.

In practice, considering the non-differentiability
of Bernoulli sampling during training, we use
the reparameterization trick to approximate the
Bernoulli distribution (Jang et al., 2017). The sam-
pling process for Vi is computed as follows:

logVi + g
T

where g = —log(—log(u)),u ~ U(0,1), 7 =
0.5 is a hyperparameter for controlling sampling
randomization, and o (.) is sigmoid function.

Finally, for Equation 8, ¢(y|h) is typically
achieved by a network gy used for the next token
prediction task, with the loss function being cross-
entropy. The loss function is defined as:

Ly, =" —log(gs(yilhs)).

%

M=o (12)

(13)

4.2 Neuron Collaboration

In this section, we introduce Neuron Collaboration
(NC) to enhance the knowledge diversity among
experts. Traditional MoE frameworks suffer from
knowledge redundancy due to task similarity, but in
IBMOoE, we tackle this by applying a feature-level
diversity loss. It controls the knowledge differ-
ences among experts, promoting task specializa-
tion. Specifically, a query’s distribution represents
the knowledge characteristics of an expert. For two
queries V and VJ, we minimize their similarity, en-
couraging experts to focus on different feature di-
mensions through diverse query distributions. The
diversity constraint is expressed as:

Lg= Z cosine(f/i,f/j)

1<i<j<n

(14)

where cosine(., .) is a function for computing the
cosine similarity between two vectors.

We also employ an auxiliary regularization term
based on the variance discrepancy between expert-
level and token-level routing probabilities. Let P,
represent the probability distribution of tokens as-
signed to the experts. The objective function is
defined as:

Ly = ﬁe[std(meant(PT))—mean(stde(Pr))}

A (15)

where k is the number of activated experts,
meany(.) represents the token-wise mean value,
and std(.) represents the expert-wise standard de-
viation.
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Combining Equations 11, 13, 14 and 15, the final
loss function is expressed as:

L=1L,+ BLs+vLqg+ ALy (16)

The complete pseudo-code is provided in Ap-
pendix A.3.

5 Experimental Setup

5.1 Datasets

We evaluate IBMoE on seven NLP datasets, in-
cluding three GLUE tasks, three question answer-
ing (QA) datasets, and one instruction-following
dataset from SuperNI. For GLUE, we select one
representative task from each category: CoLA
(Warstadt et al., 2019), MRPC (Dolan and Brock-
ett, 2005), and RTE (Wang et al., 2019). For QA
evaluation, we use ScienceQA (SQA) (Lu et al.,
2022), OpenbookQA (OBQA) (Mihaylov et al.,
2018), and CommonSenseQA (CSQA) (Talmor
et al., 2019). For instruction-following evaluation,
we include Convai3 from SuperNI (Wang et al.,
2022). Detailed dataset formatting and preprocess-
ing procedures are provided in Appendix B.

5.2 Base Models and Baselines

We evaluate IBMoE on three base models of
different scales: LLaMA-3.2-3B (L-3B) (Dubey
et al., 2024), LLaMA-2-7B (L-7B) (Touvron et al.,
2023b), and Mistral-7B-v0.1 (M-7B) (Jiang et al.,
2023). To evaluate the effectiveness of our model,
we compare our IBMoE with recent parameter-
efficient fine-tuning (PEFT)-based and MoE-based
methods. For PEFT-based methods, we select
LoRA (Hu et al., 2021) and SparseAdapter (He
et al., 2022). For MoE-based methods, we em-
ploy MoLA (Gao et al., 2024), AlphalLoRA (Qing
et al., 2024), AdaMoLE (Liu and Luo, 2024) and
HMOoRA (Liao et al., 2025). Detailed descriptions
of baseline methods are provided in Appendix C.

5.3 Evaluation Metrics

We evaluate IBMoE from four perspectives: task
performance, parameter efficiency, training cost,
and inference efficiency. For GLUE and QA tasks,
we report accuracy, and for generation tasks, we
use rougeL to measure textual similarity. To evalu-
ate efficiency, we report the number of activated pa-
rameters (Act Param), training time (GPU-hour),
and inference cost Time and Peak Memory. Over-
all, these metrics provide a comprehensive evalua-
tion of model effectiveness and efficiency.

5.4 Implementation Details

The hyperparameters are set as follows: (1) Train-
ing Parameters: We use the Adafactor optimizer
with a learning rate of 2e ™%, a batch size of 128.
The number of epochs is set to 10. (2) LoRA
adapter: We adopt the default LoORA configura-
tion, with the intrinsic LoORA rank of experts set
to 8 for all the baselines. (3) IBMoE Parameters:
We use 5 LoRA experts in total, including four
task-specific experts and one shared expert. During
forward processing, the top-k is set to 2, selecting
one specific expert and the shared expert for each
token. We set 7 = 0.6, 5 = 0.1, v = 0.01, and
A = 0.01. All experiments are conducted on the
NVIDIA A800 GPU. Additional implementation
details are provided in Appendix D.

6 Experimental Results

6.1 Main Results

Table 1 compares IBMoE with representative PEFT-
based and MoE-based baselines. IBMoE achieves
the best overall performance on all three base
models while using the fewest activated param-
eters. Compared with sparse baselines such as
SparseAdapter and MoLA, IBMoE consistently de-
livers stronger accuracy with substantially lower
parameter usage, indicating that dynamic neuron-
level sparsity is more effective than static adapter
pruning or expert-level activation alone. These
results suggest that modeling fine-grained neuron
importance within experts is crucial for reducing re-
dundancy and improving parameter efficiency. The
results averaged over multiple random seeds and
the corresponding statistical significance analysis
are provided in Appendix E.1.

6.2 Ablation Studies

In Table 2, we conduct ablation studies to evaluate
the effectiveness of IBMoE’s components. First,
we experiment without L;. We find that imbal-
anced routing leads to some experts handling dis-
proportionate amounts of data by activating more
neurons, which increases the Act Param. Next, we
remove the sparsity constraint, which makes the
experts fail to focus on the most relevant informa-
tion, and unstable neuron sampling further reduces
performance. Finally, we remove the diversity loss,
which worsens IBMoE’s performance. Even with a
shared expert, omitting L4 can still lead to knowl-
edge redundancy among the experts. Additionally,
without any loss constraints, the number of acti-
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Table 1: Comparison of performance and parameter efficiency with other methods across different model archi-
tectures. Average score across seven datasets (Avg) is reported to evaluate overall performance. Best results are

highlighted in bold.

Models Methods Act Param | Datasets Avg
MRPC CoLA RTE SQA OBQA CSQA Convai

LoRA 7.6M 8324 86.86 88.44 9221 7940 77.73 30.32 76.89
SparseAdapter 3.04M 84.86 85.71 87.73 93.12 80.20 76.49 30.84 76.99
MoLA 23.59M 85.77 82.13 84.12 91.29 80.00 77.16 2849 7557
L-3B AlphalLoRA 26.16M 84.90 82.13 83.39 92.51 80.00 78.63 29.35 75.84
AdaMoLE dynamic 84.69 84.27 87.73 91.68 80.40 77.81 29.56 76.59
HMoRA 30.91M 83.88 86.58 84.47 92.53 80.20 77.31 31.36 76.62
IBMoE 3.01M 84.69 86.10 88.80 93.16 80.20 78.13 31.92 77.57
LoRA 19.9M 83.13 86.29 85.92 91.01 75.51 77.00 32,53 7591
SparseAdapter 7.96M 86.38 85.62 85.30 92.85 82.20 79.36 32.08 77.68
MoLA 43.12M 83.48 86.87 86.28 9236 78.95 79.60 30.41 76.85
L-7B AlphalLoRA 43.12M 84.23 86.67 87.36 9271 80.80 78.05 30.66 77.21
AdaMoLE dynamic 83.88 86.52 87.73 91.00 8240 78.71 31.66 77.41
HMoRA 43.85M 84.63 86.56 87.36 93.61 79.40 79.36 31.68 77.51
IBMoE 7.89M 87.25 87.15 88.43 93.34 8240 79.77 32.09 78.63
LoRA 20.50M 85.86 86.23 90.97 94.86 86.20 79.85 31.88 79.41
SparseAdapter 8.20M 87.07 85.33 91.33 95.05 88.80 81.16 27.35 79.44
MoLA 43.40M 86.95 87.44 88.80 95.14 88.20 83.37 29.92 79.97
M-7B AlphalLoRA 43.40M 87.13 87.91 91.70 95.00 89.20 84.00 29.59 80.65
AdaMoLE dynamic 8591 86.10 92.05 9490 87.80 82.55 31.88 80.17
HMoRA 44.20M 87.48 87.53 90.28 94.60 88.60 82.64 31.07 80.31
IBMoE 8.22M 88.58 87.53 92.77 95.68 90.40 83.05 31.83 81.41

vated parameters in IBMoE increases substantially
because the inactive SNA module causes the model
to activate all neurons to complete the tasks. The
complete results are provided in Appendix E.2.

Model RTE

Acc (%1)  ActParams |
IBMoE 88.43 7.89M
—Ly 87.95 791M
—Ly— L 87.06 7.07TM
—Ly—Ls— Ly 86.29 13.16M

Table 2: Ablation results of IBMoE on the RTE dataset.

6.3 Further Analyses

We conduct additional analyses to better under-
stand the effectiveness and efficiency of IBMoE.
More experimental results are deferred to the Ap-
pendix E.

Analysis of Activation Ratio. In IBMoE, the pa-
rameter 7 controls the proportion of activated neu-

rons. The results in Figure 3 illustrate the model’s
performance under various activation ratios across
multiple datasets. We observe that model perfor-
mance generally improves as more neurons are acti-
vated. However, this improvement gradually dimin-
ishes and may eventually reverse as 7 continues to
increase. This observation suggests the presence of
neuron redundancy in conventional MoE methods,
which can potentially degrade model performance
by activating task-irrelevant neurons. Moreover,
the model’s performance on the RTE dataset drops
by approximately 3% when 7 is set to 0.2, indi-
cating that an excessively low activation ratio may
limit the model’s capacity to capture task-relevant
information.

Analysis of Hyperparameters. The IBMoE
framework introduces three hyperparameters (A,
5, and ~) for the components of the loss function.
To analyze the sensitivity of these hyperparame-
ters, we conduct experiments by varying their val-
ues. Specifically, we adjust one parameter (e.g., \)

46176



Table 3: Training and Inference efficiency of IBMoE.

Inference with 1,000 Samples

Training on the RTE Dataset

Model
Time (s) |  Peak Memory (MB) |  Train Param (%))  GPU-hour |
LoRA 60 116 0.3 0.77h
SparseAdapter 67.34 232 0.3 0.81h
MoLA 739.3 1452.6 1.51 2.93h
Alphal.oRA 285.7 812 1.51 2.58h
AdaMoLE 329.8 146.2 0.53 1.97h
HMoRA 295.6 842.1 3.15 3.55h
IBMoE 109.3 75.7 0.47 0.88h
[ X}
X 582831 0884 0.893 0884 0888 0:899 0.884 080 28% |

../

Figure 3: Activation Ratio 7 with different values.

while fixing the others to their default values. The
same procedure is repeated for 5 and . As shown
in Figure 4, the proposed method exhibits strong
robustness to hyperparameter variations. Notably,
setting lower values (e.g., 0.01 or 0.001) leads to a
slight improvement in model performance. How-
ever, when A is set to 0.1, the scaling of the balance
loss L;, dominates the primary task loss L. In this
case, tokens with similar semantic information are
forcibly assigned to different experts to ensure load
balancing, which makes it difficult for experts to
process semantically diverse tokens under sparse
representations.

Analysis of Greedy Sampling. To further
analyze neuron activation, we replace Bernoulli
sampling with greedy sampling during inference.
Specifically, top-p sampling is applied on V to
activate the most relevant neurons, where the bi-
nary mask is defined as M; = TopP(V). Fig-
ure 5 presents the results of IBMoE with greedy
sampling under different activation ratios. We ob-
serve that greedy sampling performs worse than
Bernoulli-based importance sampling under the
same activation scale, since it focuses only on
highly ranked neurons and lacks global feature ex-
ploration. As p increases, its performance gradu-

8
hyper-params in objective function

Figure 4: Sensitivity of hyperparameters.

Figure 5: Impact of p on the different tasks.

ally approaches that of importance sampling, indi-
cating that importance sampling achieves a better
trade-off between performance and efficiency.
Analysis of the Inference Efficiency. We also
compare the inference performance of IBMoE with
other methods to evaluate its efficiency. To ensure
the fairness and reproducibility of all methods, we
conduct inference using a single NVIDIA A800
GPU with 80 GB memory. Specifically, we eval-
uate L-7B model in 16-bit precision on 1,000 ran-
domly sampled test examples, measuring inference
latency and peak memory usage of the adapters
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with a batch size of 16. In Table 3, our proposed
method achieves the best efficiency among MoE-
based PEFT methods, reducing inference time by
61.7% compared with Alphal.LoRA and adapter
peak memory by 48.2% compared with AdaMoLE.
We attribute this advantage to the fact that the
trained IBMOoE significantly reduces computational
cost and memory consumption by compressing the
weight matrices of LoRA experts.

7 Conclusions and Future Work

In this paper, we propose a novel parameter-
efficient MoE method that introduces an IB frame-
work and multiple constraints to achieve fine-
grained reduction of neuronal redundancy, foster-
ing closer collaboration among experts. Extensive
experiments show that our method achieves supe-
rior performance comparable to recent methods,
and reduces inference time by 61.7% and adapter
memory by 48.2% compared with MoE-based ap-
proaches. Furthermore, ablation studies validate
the effectiveness of each IBMoE component. In
future work, we will explore applications in con-
tinual learning by capitalizing on the knowledge
specialization inherent in MoE.

Limitations

Despite its effectiveness, IBMoE has several lim-
itations. First, although we adopt a top-k sparse
routing strategy for efficiency and specialization,
sparse routing introduces additional overhead for
token allocation and expert dispatch in distributed
settings. In contrast, soft routing avoids this issue
but incurs higher computation during expert activa-
tion. Second, IBMOoE introduces additional hyper-
parameters and structural components compared
with standard PEFT methods, such as the number
of experts and activation settings, which may re-
quire manual tuning when adapting to new tasks
or domains. Finally, while we evaluate IBMoE
on a wide range of NLP tasks, its behavior under
continual learning settings remains unexplored.
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A Notation and Explanation

A.1 Notations of IBMoE

In Table 4, we summarize the notations used in IB-
MoE and explicitly specify their tensor dimensions.
On the other hand, in Equation 10, the column-level
masking operation:

AW, = M, o AW, (17)
is defined as follows. Let M, € {0,1}% be a
binary mask vector and AW, € R%uwXdin be the
LoRA weight of expert e. The operation o applies
M, to each column of AW,:

(AWe)j,: = Me,j : (AWe)j,:a (18)
where (-);. denotes the j-th row. This operation
selectively activates neurons while preserving a
complete computation graph during training. Note
that the operator o in IBMoE has a different def-
inition from the conventional Hadamard product.
However, due to the broadcasting mechanism in
Python, the involved tensors are first expanded to
compatible shapes and then multiplied element-

wise. Therefore, we still use o to denote this type
of operation in IBMoE.

A.2 Detailed Forward Mechanism of SNA

Figure 6 shows the forward mechanism of the SNA
module. During training, the neuron-level mask
M. is applied to the weight update AW, to ensure
that the full computation graph is preserved for
backpropagation. This design allows gradients to
flow through all neurons while enforcing sparse ac-
tivation at the neuron level. During inference, the
mask M, is directly used to select the activated neu-
rons for computing the compressed representation
H, without constructing the full computation graph.
This decoupling between training and inference
enables efficient optimization while maintaining
sparse neuron activation at test time.

A.3 Pseudo Code of IBMoE

We provide pseudo-code to describe the optimiza-
tion procedure of IBMoE. Specifically, Algorithm 1
illustrates the sparse activation process of SNA
during forward computation. Algorithm 2 further
presents the forward pass of an IBMoE layer. Fi-
nally, Algorithm 3 details the computation of the
overall objective function.

B Details of Dataset

We provide detailed descriptions of all datasets
used in this work.

B.1 GLUE Benchmark

The General Language Understanding Evaluation
(GLUE) benchmark consists of multiple NLP tasks,
including single-sentence classification, sentence
similarity, and natural language inference.

We select three representative tasks:

* CoLA (Warstadt et al., 2019): A grammati-
cal acceptability classification task based on
linguistic theory corpora.

* MRPC (Dolan and Brockett, 2005): A para-
phrase identification dataset from news arti-
cles.

* RTE (Wang et al., 2019): A natural language
inference task constructed from Wikipedia
and news sources.

B.2 Question Answering Datasets

We evaluate reasoning and commonsense capabili-
ties using:

* ScienceQA (SQA) (Lu et al., 2022): A
science-based QA dataset originally contain-
ing multimodal samples. We retain only text-
based questions.

* OpenbookQA (OBQA) (Mihaylov et al.,
2018): QA dataset requiring elementary sci-
ence knowledge reasoning.

¢ CommonSenseQA (CSQA) (Talmor et al.,
2019): Multiple-choice QA requiring com-
monsense reasoning.

B.3 Instruction Dataset

Convai3 Sentence Generation from SuperNI
(Wang et al., 2022) is a dialogue generation task
requiring response generation conditioned on con-
versational context.

B.4 Examples of formatted datasets

In the experimental settings, all datasets are drawn
from the GLUE, QA, and SuperNI benchmarks. To
ensure reproducibility, we provide representative
examples of the formatted datasets to illustrate the
construction of our training inputs, as shown in
Figure 7. For datasets from the GLUE and QA
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(a) Training Phase

)

X x AW,

(b) Inference Phase

Mapping

SRR

X x AW,

Figure 6: Forward mechanism of the SNA module. During the training stage, M, is directly multiplied with AW,
to obtain sparse representations, which ensures that gradients flow through the differentiable relaxation of the
mask. During the inference stage, the query mask is used to index the activated columns, enabling more efficient

computation.

benchmarks, we adopt the Alpaca instruction for-
mat to construct the training inputs for all methods.
For the ConvAl task, we follow the default instruc-
tion format provided by the dataset.

C Baseline Methods

We compare IBMoE with representative PEFT-
based and MoE-based methods.

C.1 PEFT-based Methods

¢ LoRA (Hu et al., 2021): Introduces low-rank
matrices for efficient adaptation.

* SparseAdapter (He et al., 2022): Applies
structured sparsity to improve parameter effi-
ciency.

C.2 MokE-based Methods

* MoLA (Gao et al., 2024): Allocates experts
across layers to reduce redundancy.

e Alphal.oRA (Qing et al., 2024): Designs
layer-wise expert allocation based on heavy-
tailed regularization.

e AdaMoLE (Liu and Luo, 2024): Dynamically
adjusts the number of active experts per layer.

e HMoRA (Liao et al., 2025): Combines token-
level and task-level routing for finer-grained
expert control.

Algorithm 1 Function GSSampleMask(V;, 7, €)

1: function GSSAMPLEMASK(V;, T, €)
2: U~U0,1)

Vi « (V; — min(V;) + €)/(max(V;) —
min(V;) + €)

W

4 U + log(V;) — log(—log(U +¢€) +¢)
550 S« o(U)7)

6: M «+ ol

7 for j = 1to |S|do

8 if S[j] > 1 — V; then

9

M[j] 1
10: end if
11: end for
12: return M

13: end function

D Implementation Details

Table 5 summarizes the training hyperparameters
used for IBMOoE, along with the ranges explored
during grid search.

E Additional Results

E.1 Multi-seed Results and Statistical
Significance Analysis

Table 6 reports the mean and standard deviation
of LLaMA-3.2-3B and LLaMA-2-7B across mul-
tiple random seeds (40, 41, and 42). Further-
more, we conduct statistical significance testing
by treating dataset-seed pairs as independent sam-
ples. Compared with the strongest baseline, IB-
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The formatted examples of QA datasets The formatted examples of Convai dataset

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

### Instruction:
Context: N/A
Question: As a source of light moves directly overhead of an object ,
what happens to it‘s shadow?
Options: (A) the object will get brighter
(B) the shadow will start to spin
(C) the size will decrease
(D) the light will lean to one side

### Response:
L Answer: The answer is C.

Definition: You are given a concatenated string consisting of two parts
that are separated by a newline character. The first part is the user's
initial question during a human computer conversation, the second part
is a clarifying question asked by the computer in response to the
question asked by the user. You should read the input, then generate a
valid prediction of the user's response to the computer's clarifying
question. A valid prediction will clarify the user's correct intent in the
initial question.

Now complete the following example -

Input: User: Find information on raised garden beds and boxes.
Computer: do you need information on materials needed.
Output: no i am looking for pictures of raised garden beds not the

materials needed.

(a)

(b)

Figure 7: The examples of training data.

Table 4: Summary of notations and tensor dimensions.

Symbol Description Dimension
T Input of token ¢ R%n

Yi Target label / next token scalar / categorical
Wo Frozen base weight matrix IR in X dout
AW, LoRA weight of expert e IR out X din

A LoRA down-projection matrix R7>in

B LoRA up-projection matrix Rouxr
Gie Routing weight for expert e at token % scalar

|4 Expert-specific neuron query vector R out

M Binary neuron activation mask {0, 1}dow
AW, Masked LoRA weight of expert e R oucx din

h; Original hidden output at token % R out

hi Compressed hidden representation at token 7 R%u

n Number of experts scalar

k Number of activated experts scalar

B Sparsity regularization coefficient scalar

v Diversity loss coefficient scalar

A Balance loss coefficient scalar

s Bernoulli prior probability scalar

MoE achieves a statistically significant improve-
ment with p = 0.0103 < 0.05.

E.2 Ablation Study Results

In Table 7, we report the full ablation results across
all datasets.

E.3 Different Expert Settings

In IBMoE, multiple constraints are introduced in
the objective function. To investigate the effec-
tiveness of these constraints under different num-
bers of experts and activated experts, we scale up
each MoE layer and evaluate the performance of

IBMOoE. Specifically, we set the number of ex-
perts to 9, including 8 task-specific experts and
1 shared expert, with top-k set to 3. Experiments
are conducted on three datasets from the GLUE
benchmark, and the results are reported in Table 8.
As shown in the table, although increasing the
number of experts leads to improved performance,
the gains are marginal, indicating that introducing
more trainable parameters exacerbates knowledge
redundancy and does not yield the expected perfor-
mance benefits.
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Algorithm 2 Forward Process of an IBMoE Layer.

Algorithm 3 Loss optimization in IBMoE.

Require: (1) A batch of input X; (2) Base
module Wj; (3) LoRA weights of ex-
perts { AWy, AWy, ..., AW, } with learnable
queries {V1, Va,...,V,,}; (4) Router Wy; (5)
Related hyperparameters, including tempera-

ture 7 and €.

1: P + TopK(Softmax(W," X))

2: Dispatch tokens to experts
{Xg,,Xg,,...,Xg,} with corresponding
routing probabilities {Pg,, Pg,,...,Pg,}
from P

R WQX

3

4: fori =1tondo

5 M; + GSSampleMask(V;, T, €)

6: $ 4 dout/sum(M;)

7 if mode = train then

9 Aggregate expert output Op, into O
10: else

11: Compress AW; into AW, via mask M;
12: OAEZ <_5'PEZ- (AWzXEZ)

13: Aggregate expert output O g, into O
14: end if

15: end for

Table 5: Hyperparameters of IBMoE.

Symbol Value or Range
Q@ 16

r 8

n 5

k 2

T 0.5

€ le-8

0 {0.2,0.4, 0.6, 0.8}
B {0.001, 0.01, 0.1}
vy {0.001, 0.01, 0.1}
A {0.001, 0.01, 0.1}
Seed 40,41, 42
Truncated length 512

Batch size {64, 128}
Learning rate 2e-4

Epochs {10, 15, 20}
Optimizer Adafactor

E.4 Analysis of Visualization

IBMOoE aims to achieve fine-grained expert special-
ization through the SNA and NC modules. To illus-
trate this effect, we conduct an experiment to visu-

Require: (1) Training dataset {(z¢,9:)}7—1; (2)
An IBMoE model IBMoE; (3) The number of
activated experts k; (4) The number of IBMoE
layers N L; (5) Hyperparameters 7, v, 3, A.

LAY AV {PNEY « IBMoE(X)

2: L, < CrossEntropy(Y,Y)

3: fori =1to NLdo

4 Compute the probability distribution of to-
kens assigned to each expert P*

5: Li+0

6: forj =1tondo

7: V} + mean(V}) N

8: Li « L+ L[Vilog™ + (1 -
V})log }

9: end for _ _

10: LZ s % % elstd(mean; (P'))—mean(stde (P*)]

11: L+ ﬁ Do itk cosine(f/ji, Vlj)
12: end for

13: Ly wp SoNb L

14 Lg < oy oML L2

15: Ly ¢ oy SOV L,

16: L + Lp 4+ BLs+ yLg+ ALy

alize the token embeddings processed by different
experts. Specifically, we randomly select a batch
of samples and process them using both sparse-
routing MoE baselines and IBMoE. The outputs
of each expert in a given MoE layer are collected
as the visualization dataset. As shown in Figure 8,
tokens processed by vanilla MoE methods are more
dispersed and exhibit unclear boundaries between
experts, yielding substantial overlap near the center
(Figure 8(a)). In contrast, IBMoE exhibits clearer
boundaries across experts, with tokens assigned to
each expert forming more compact clusters (Fig-
ure 8(b)). This demonstrates that IBMoE reduces
knowledge redundancy while enhancing expert spe-
cialization. The token embeddings assigned to each
expert are projected to two dimensions using t-SNE
and plotted with a distinct color for each expert.
Considering that different layers process differ-
ent levels of semantic information, we select mul-
tiple MoE layers to measure differences among
experts. We introduce two measures: the similarity
of processed information within each expert, de-
noted as inner-expert similarity, and the similarity
between experts, denoted as inter-expert similar-
ity. Let the tokens allocated to the i-th expert be
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Table 6: Performance comparison with other methods across different model architectures. Results are averaged
over multiple random seeds. Best results are highlighted in bold.

Models  Methods Datasets Avg+Std
MRPC CoLA RTE SQA OBQA CSQA Convai

LoRA 83.79 86.40 87.64 9231 79.40 78.06 3043 76.86+ 0.03

SparseAdapter 84.78 85.66 87.83 92.52 80.20 76.94 30.57 76.93 £0.07

MoLA 82.03 83.78 86.11 92.06 79.90 77.84 2871 75.78+0.21

L-3B Alphal.oRA  82.15 83.71 85.78 92.59 80.20 78.20 29.33 75.99 4+0.15

AdaMoLE 84.62 84.75 88.63 9233 80.20 77.75 29.51 76.83 +0.24

HMoRA 84.31 86.36 8556 9241 79.80 77.23 31.22 76.70 +0.08

IBMoE 8498 86.12 88.80 93.14 80.50 78.28 31.65 77.64 £ 0.07

LoRA 84.11 86.09 86.64 9195 7746 76.66 31.58 76.36+ 0.44

SparseAdapter 86.53 85.66 85.25 93.07 82.30 78.66 31.70 77.60 £ 0.09

MoLA 85.31 86.68 87.54 93.19 80.47 80.02 2831 77.36+0.51

L-7B Alphal.oRA  85.71 86.38 87.37 93.32 82.10 78.30 30.12 77.61 £0.40

AdaMoLE 84.88 86.54 87.23 91.60 81.40 7853 31.01 77.31+0.10

HMoRA 85.79 86.23 86.28 93.56 79.70 78.87 31.23 77.38+0.13

IBMoE 87.14 87.20 88.36 93.19 81.90 79.72 32.02 78.50+ 0.13

Table 7: Full ablation results of IBMoE.
Methods Act Param | Datasets Avg
MRPC CoLA RTE SQA OBQA CSQA Convai

IBMoE 7.89M 87.25 87.15 8843 9334 8240 79.77 32.09 78.63
—Ly 7.91M 85.79 86.86 8795 9331 82.00 7890 30.36 77.88
—Ly— L 7.07TM 8591 86.57 87.06 9320 8140 79.10 31.61 77.84
—Ly— Ls— Ly 13.16M 84.63 86.28 86.29 93.03 80.80 78.20 3145 77.24

Xe;, and let the expert’s knowledge embedding
be defined as KE; = mean(E;(X,,)). The two
similarity measures are defined as follows.

Inner-expert similarity (cohesion of tokens pro-
cessed by the same expert):

InnerSim; = Z cosine(E;(x), KE;)

1
|Xei | = Xei
(19)
Inter-expert similarity (redundancy between ex-

perts):

InterSim = n(nQ—l) Z cosine (KEi7 KEj)
1<i<j<n

(20)

The results are presented in Table 9, where ev-
ery six layers of the MoE are selected to compute
the similarity. We observe that IBMoE achieves
superior average performance on both measures.
In particular, the inter-expert similarity of IB-

MOoE is nearly zero, indicating that our method

effectively promotes stronger expert specialization
through collaborative learning. We also visualize
the similarity training dynamics in Figure 9. In the
whole training process, our method almost always
achieves higher inner-expert similarity and lower
inter-expert similarity compared to the vanilla MoE
method. Moreover, we find that higher similarity
tends to occur in the lower layers, which primar-
ily process general semantic knowledge, while the
upper layers that capture task-specific knowledge
typically exhibit lower similarity. This observa-
tion is consistent with previous findings (Gao et al.,
2024).

E.5 Effect of Output Scaling.

We note that the dynamic neuron sparsity intro-
duced during training may potentially affect stabil-
ity. To address this issue, we introduce a scaling
term doy¢ /sum(M,) in Equation 10, which serves
a similar role as the scaling factor in LLaMA-MoE
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Table 8: The performance of IBMoE with different expert settings.

GLUE Benchmark

Expert Settings MRPC ColA RTE Average

1 shared, 4 specific, top-2 87.25 87.15 88.43 87.61
1 shared, 8 specific, top-3 87.06 87.55 89.17 87.93
o ® Expertl ® Expertl

° Expert 2 Expert 2

- ° ® Expert3 ® Expert3

-. @® Expert4 @® Expert4

-, 3 o ,
L. .’ . ~ B Tae “e
C e : . ' o ¥
(a) Vanilla Sparse MoE (b) IBMoE

Figure 8: Each expert first processes the tokens allocated by the routing mechanism. The resulting token embeddings
are then visualized using the t-SNE algorithm, where points of different colors represent token representations
processed by different experts.
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Figure 9: The training dynamics of similarity among the experts.
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Table 9: The cosine similarity of experts across different MoE layers. For Inner-Expert Similarity, we compute the
similarity between the representations of tokens assigned to each expert and the corresponding expert’s representation
centroid. For Inter-Expert Similarity, we compute the similarity between the representation centroids of tokens

assigned to different experts across all experts.

Layerl Layer7 Layer13 Layer19 Layer25 Layer31 Average
Inner-Expert Similarity 1
MoE 0.7729 0.9517 0.4992 0.6219 0.5628 0.5832 0.6653
IBMoE 0.9408 0.9692 0.6999 0.7917 0.3594 0.6362 0.7329
Inter-Expert Similarity
MoE 0.1600 0.1852 0.1552 0.2116 0.1488 0.1609 0.1703
IBMoE 0.0615 0.0767 0.0971 0.0932 0.0868 0.0713 0.0811

to maintain output stability. To evaluate its effec-
tiveness, we set this term to a constant value of 1.0
and train IBMoE on all datasets from the GLUE
benchmark. The results, shown in Table 10, in-
dicate that removing the scaling term leads to a
performance drop in IBMoE.

E.6 Analysis of the Training Complexity

Considering that IBMoE introduces additional com-
plexity in computing the loss functions compared
with vanilla MoE methods, we also present a brief
theoretical analysis along with empirical results re-
garding its computational cost. Specifically, let the
computation dimension be N = max(d;y, dout)
(e.g., 11,048 in LLaMA-2-7B), the number of ex-
perts be n, and the rank of a LoRA expert be r
(e.g., 7 = 8). The computational complexity of ex-
plicitly constructing the LoRA weight update B A
is O(doutrdin), which is bounded by O(NrN).
In IBMOE, each expert maintains a set of learn-
able parameters V € R%u and two novel loss
terms, L, and Lg, must be computed. To com-
pute L4, we calculate the cosine similarity for
each pair of V, which involves computing the
L2 norm for each V' and the dot product for ev-
ery pair. Thus, the computational complexity of
Ly is O(nN) 4+ O(n(n — 1)N/2). For L, we
need to compute the mean value of each V, re-
sulting in a complexity of O(nN). Therefore, the
total complexity is O(2nN) +O(n(n—1)N/2) <
O(2nN) + O(n*N) = O(n(n + 2)N). In prac-
tice, n is generally much smaller than N, lead-
ing to O(n(n + 2)N) < O(NrN). This indi-
cates that the additional computation introduced by
the loss functions is substantially smaller than that
required to explicitly construct the LoORA weight
update. Hence, our method achieves a favorable
trade-off between performance improvement and

computational overhead. Empirical results in Ta-
ble 3 demonstrate that IBMoE achieves a compa-
rable training efficiency with vanilla LoRA. We
attribute these efficiency gains to the following fac-
tors. (1) The NC module enables collaborative
learning among experts, improving parameter uti-
lization. Unlike previous methods that insert MoE
modules into both attention and MLP blocks at
every layer, IBMoE achieves comparable perfor-
mance by applying MoE modules only to every
other MLP block. This reduces the number of ad-
ditional adapter parameters, leading to improved
training efficiency. (2) The SNA module imple-
ments sparse neuron activation. During inference,
for instance, with an activation ratio of 0.5, half of
the neurons are deactivated, thereby reducing the
number of MAC operations.

E.7

To explore how the IB-based SNA module affects
neuron-level sparsity throughout the training pro-
cess, we train IBMoE on the RTE dataset for 15
epochs with the activation ratio 7 set to 0.6. At
the end of each epoch, we evaluate IBMoE on the
validation set and record the number of activated
neurons for each expert. As shown in Figure 10, we
use the average number of activated neurons across
all experts to quantify the model’s sparsity. We ob-
serve that the number of activated neurons rapidly
decreases to the expected level during the early
stage of training and remains stable throughout the
subsequent epochs. It suggests that parameter re-
dundancy exists at the initialization of adapters,
and that each expert can quickly prune a large
number of neurons under the sparsity constraint
during early training, before gradually stabilizing
the importance of the remaining neurons for their
respective tasks.

Training dynamics of activated neurons
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Table 10: The effect of output scaling.

GLUE Benchmark
Method MRPC CoLA RTE Average
IBMOoE w/output scaling 87.25 87.15 88.43 87.61
IBMoE wo/output scaling 85.48 86.28 87.36 86.37
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Figure 10: Training dynamics of activated neurons.

E.8 Compatibility with Computational
Efficiency Strategies

Recently, several works have sought to reduce com-
putational cost by modifying model architectures
or optimizing the forward pass, such as pruning,
compression, and merging. From a structural per-
spective, redundant blocks in dense models can
be pruned either before or after training (He et al.,
2024). From a computational perspective, expert-
merging strategies maintain a constant inference
cost as the number of activated experts increases
(He et al., 2023). In IBMoE, we do not modify
the computation process of the vanilla MoE frame-
work, which allows existing acceleration strategies
to be readily integrated into IBMoE.

In this section, we integrate an expert-merging
strategy into IBMoE to explore its compatibility
with other computational efficiency methods. Fol-
lowing (He et al., 2023), we merge multiple acti-
vated experts into a single expert for a single for-
ward pass. The experiment is evaluated on 1,000
randomly selected samples, with the batch size set
to 1, 8 and 16, respectively. The results in Table 11
show that the merging strategy based on sequence-
level expert selection can provide computational ac-
celeration significantly. We attribute this behavior
to the fact that this strategy avoids the cost of dis-
patching tokens to individual experts, as in vanilla
token-level MoE, and that the padded inputs nat-

urally enable more efficient parallel computation
within a single forward pass.

In summary, we provide a preliminary explo-
ration of combining IBMoE with other acceleration
methods, which demonstrates the strong compati-
bility of IBMoE in practical deployment scenarios.

Table 11: Inference time comparison with and without
expert merging.

Methods Batch Size Inference Time (s)
IBMoE 1 868.94
w/merging 1 432.31
IBMoE 8 148.27
w/merging 8 81.41
IBMoE 16 96.45
w/merging 16 60.64
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