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Abstract. With the increase in model parameters and training data,
the instruction following and generalization capabilities of Large Vision-
Language Models (LVLMs) have been significantly improved. Based on
the Mixture-of-Experts (MoE) architecture, LVLMs expand their param-
eter capacity while maintaining the inference cost. However, traditional
MoE methods employ a Top-k static routing strategy, which fails to ac-
count for variations in the input and to adaptively select the number of
experts, resulting in suboptimal resource utilization. In this paper, we
propose viewing token routing as an information encoding task, framing
dynamic routing as a Minimum Description Length (MDL) problem in
encoding. By validating the connection between MDL and gating entropy
in the MoE scenario, we introduce Gating Entropy-based Uncertainty-
aware Adaptive Routing (GeMoE) for MoE. Unlike traditional static or
heuristic-based dynamic routing methods, GeMoE explicitly models the
trade-off between model complexity and performance. By using gating
entropy to assess the complexity of tokens, GeMoE adaptively deter-
mines the number of experts each token should engage. On a wide range
of backbones and benchmarks, our method achieves 99.5% average per-
formance retention compared to the original static routing, while im-
proving average expert activation sparsity by 86.5%. The code will be
publicly available at https://github.com/caichaoxiang/GeMoE.

Keywords: Gating Entropy - Information Gain - Minimum Description
Length - Dynamic Routing - Mixture-of-Experts

1 Introduction

The rapid growth of model parameters and training data has enabled Large
Vision-Language Models (LVLMs) to achieve significant improvements across a
wide range of tasks [3,/11}|32,[44]51]. However, as these models continue to scale

t Equal contribution.
® Corresponding author.


https://github.com/caichaoxiang/GeMoE

2 C. Cai et al.

(a) Static Routing Top-k MoE (e.g., k=2)

Token Routing Fixed-length ) Ey
Encoder x mask =
i[i]o 0 0
token x; token x, E; E
length = 2
E3
index mask
olo[T1]o E, token x,
Routing Mechanism length = 2
Eg
|—|—|_|_|_| ’_‘—I_H_‘ (b) Dynamic Routing GeMoE (Ours)
Variable-length . E
Routing Network Encoder index mask !
g morg 00 token x;
; uncertain | €Xperts E;
high - length = 3
entropy < E.
3
token x; token x; ; index mask
low CEER eie;;rg olol o]0 E, token X,
entropy o i length = 1
Esg

Fig. 1: Comparison of static routing Top-k MoE and our dynamic routing GeMokE:
(a) Top-k assigns a fixed number of experts to each token. (b) GeMoE dynamically
determines the number of experts to activate based on the token’s gating entropy.
Gating entropy reflects the token’s uncertainty in expert selecting. Higher entropy
indicates greater uncertainty, requiring more experts to be selected.

up, their size and resource demands present substantial challenges for deploy-
ment and real-world application. In response to these issues, the Mixture-of-
Experts (MoE) architecture has emerged as a widely adopted solution [22}38].
MOoE replaces traditional Feed-forward Network (FFN) layers with a set of spe-
cialized experts, activating only a subset of them for each input. This approach
allows the model to expand its capacity without a proportional increase in infer-
ence computation, making it an appealing solution for scaling large models |2/{13].

The core of MoE is token routing, which can be viewed as an information
encoding task. In this process, the set of experts acts as a codebook, with each
expert representing a codeword. The goal of token routing is to select the code-
words to encode the tokens. Traditional static Top-k routing as shown in Fig.
(a) acts as a fixed-length encoder, assuming uniform information distribution
across tokens and allocating equal expert resources to each token. This leads to
inefficiencies, as low-information tokens consume computational resources, while
high-information tokens are under-resourced and lose semantic content.

Recent dynamic routing methods, such as pseudo-expert construction |24}
50] and expert threshold learning [19}|2042,/49], aim to improve both resource
efficiency and model performance. As shown in Fig. [1] (b), dynamic routing
can be viewed as a variable-length encoding method, optimizing the Minimum
Description Length (MDL)—the total length required to encode both the model
and its data fit. The goal of optimal dynamic routing is to minimize the MDL.
However, current methods are based on heuristics and fail to explicitly balance
model complexity with performance, resulting in inefficient expert allocation.
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To this end, we propose Gating Entropy-based Uncertainty-aware Adaptive
Routing for MoE (GeMoE), which incorporates two key design principles: (7)
Looking for a proxy to decrease the MDL. Since MDL is difficult to com-
pute directly, it is necessary to introduce a proxy. In this work, we use gating
entropy as the proxy to reduce the number of experts assigned to tokens with low
gating entropy, thus minimizing the MDL. Specifically, when adding more ex-
perts improves the model’s ability to fit the data (defined as information gain)
beyond a certain threshold, the addition of experts helps decrease the MDL.
Higher gating entropy indicates a more evenly distributed expert capacity, and
in such cases, adding experts provides a higher information gain. Therefore,
more experts should be assigned to tokens with high gating entropy, while fewer
experts should be allocated to tokens with low gating entropy. This is further val-
idated by the analysis in Section. |3} (i7) Expert assignment prediction based
on gating entropy. We introduce an Expert Assignment Predictor (EAP) that
maps gating entropy to the required number of experts. EAP takes token fea-
tures as input and outputs the corresponding expert count for each token. We
design a monotonic loss function to enforce a positive correlation between the
number of experts required by a token and its gating entropy, ensuring that
tokens with higher entropy are assigned more experts.

In conclusion, our contribution can be summarized as:

— We view token routing from an information encoding perspective, and frame
dynamic routing as an MDL problem.

— By linking MDL and token gating entropy through information gain, we
demonstrate that when a token has high gating entropy, adding an expert
for that token provides significant information gain, thus reducing the MDL.

— We propose a gating entropy-based adaptive routing method, GeMoE, pre-
dicting the number of experts. Extensive experiments across backbones and
benchmarks compared to the original static routing show that our method
achieves a good trade-off between utilization and performance.

2 Related Works

2.1 Large Vision-Language Models

Building on the success of Large Language Models (LLMs) [12,/47], recent re-
search has expanded their capabilities to LVLMSs for real-world visual appli-
cations. Frameworks like DeepSeek-VL2 [44] and Qwen3-VL [4] typically use
frozen visual encoders and trainable projectors to map visual inputs to LLM-
compatible representations. Current research focuses on two key areas to improve
multi-modal integration: optimizing training strategies [3,5,6,8] using parameter-
efficient techniques, and enhancing visual components by scaling instruction-
tuning datasets |31,/51]. However, challenges remain in scaling LVLMs, such as
limited task generalization and rising inference costs. To address these issues,
the MoE architecture offers an effective solution, enabling efficient parameter
scaling while preserving computational efficiency.
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2.2 Mixture-of-Experts

The MoE architecture [22}25/)363839] improves the efficiency of large-scale mod-
els by selectively activating a subset of experts for each token [3})9,(11423281/29,43|
45/52], effectively decoupling model capacity from computational cost |15}/17].
Current MoE research primarily concentrates on two main areas: (i) Efficient
utilization of expert resources. Load balancing strategies [1,(7,[16}/26] and ex-
pert load prediction methods [17,/46] aim to ensure uniform and effective use of
resources. (i1) Efficient learning of specific experts. This involves reducing the
interference caused by differences in data features and gradients on the internal
parameter learning of each expert [10}/18,34,/53]. To combine the strengths of
both areas, research on dynamic routing has gained significant attention.

2.3 Dynamic Routing Mixture-of-Experts

Compared to static routing, dynamic routing aims to optimize resource alloca-
tion during inference, preserving representation capability while reducing com-
putational overhead [19}/201[24,411|42,/49,/50]. Existing methods mainly fall into
threshold-based [19}201/41142//49] and pseudo-expert [24,50] strategies. Threshold-
based strategies dynamically limit expert activation using learnable functions or
thresholds [19,/41,/49]. For instance, Top-p routing [20] selects minimum experts
required to reach a learnable cumulative threshold, whereas ReMoE [42] dynam-
ically filters experts via a ReLLU activation on the router outputs. Pseudo-expert
strategies implicitly reduce the computational burden of simpler tokens by intro-
ducing null or low-cost virtual experts. Specifically, AdaMoE [50] introduces zero
experts that output zero, and MoE++ [24] further broadens this approach with
copy experts for identity mapping and const experts for dynamic interpolation.
However, they fail to effectively model the balance between model complexity
and performance. In this paper, we frame dynamic routing as an MDL prob-
lem, linking this objective to gating entropy via information gain. By utilizing
token-level gating entropy as a proxy, our mechanism adaptively aligns expert
activation with information density, ensuring efficient and robust utilization.

3 Methodology

3.1 Mixture-of-Experts

The MoE layer consists of a K-expert ensemble £ = [Fy, Es,...,Ex] and a
linear-layer router R. As shown in Eq. [, for an input z € RP”, the router R
generates weight logits R(z) = W - x, which are then normalized. The matrix
W ¢ REXD represents the lightweight, trainable parameters for routing, and
Ruorm(2); is the routing score of the input x for the i-th expert. The output
of the MoE layer, as defined in Eq. 2] is computed as a weighted sum of the
outputs from the Top-k (k < K, the number of activated experts, fixed in static
routing) experts with the highest probabilities. F;(z) is the output of the i-th
expert, and the weight for each expert is determined by its routing score.
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(a) Gating Entropy for decreasing the MDL (b) Expert Allocation based on Gating Entropy

Fig.2: (a). We frame dynamic routing as an MDL problem and demonstrate that
gating entropy can serve as a proxy for decreasing the MDL. (b) Based on gating
entropy, we model the number of experts required for a token as positively correlated
with its gating entropy, allocating more experts to tokens with higher gating entropy.

norm(x)i = m ( )
MOE((E) = Z Rno’r‘m(x)i : El(x) (2)
i€Top-k ids

Due to the presence of multiple experts, it is necessary to impose the load
balancing constraint on MoE layers. Traditional methods [17,30] introduce a
differentiable load balancing loss into MoE layers to encourage a more balanced
allocation of tokens across experts. As shown in Eq.[3] F; is the fraction of tokens
processed by expert F;, while G; is the average routing probability of expert E;.

K
ﬁleK'Z]:i-gi (3)

i=1

3.2 The Overview of Our Method GeMoE

Token routing is the core mechanism of MoE. Traditional static Top-k rout-
ing leads to inefficient expert utilization. Although existing dynamic routing
methods have made significant improvements, they still fall short of explicitly
modeling the trade-off between model complexity and performance. To address
this, we propose a Gating Entropy-based Uncertainty-aware Adaptive Routing
for MoE (GeMoE), as illustrated in Fig. [2 Our method consists of two key steps:
(1) To explicitly model the balance between model complexity and performance,
we frame dynamic routing as an MDL problem and demonstrate that gating
entropy can serve as a proxy for decreasing the MDL. (i) We use gating en-
tropy as prior knowledge to predict the number of expert assignments, thereby
establishing a mapping from gating entropy to specific expert allocations.
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3.3 Gating Entropy As a Proxy for Decreasing the MDL

Token routing can be fundamentally understood as an information encoding
process. Specifically, the token x represents the source information to be encoded.
The expert ensemble £ in MoE can be viewed as a codebook for encoding this
source information, where each expert E; corresponds to the i — th codeword in
the codebook. Traditional static Top-k routing can be regarded as a fixed-length
encoding scheme, implicitly assuming that the information content of all tokens
follows a uniform distribution, which results in the same number of experts being
allocated to each token. This uniform allocation, however, overlooks variations
in token complexity, leading to inefficient utilization of expert capacity.

To address this limitation, dynamic routing methods aim to implement a
variable-length encoder that adaptively selects the optimal encoding length for
each token by choosing the appropriate codewords from the codebook. This
process can be framed as an MDL problem: minimizing the total encoding length
required to describe both the model and its fit to the data, thereby balancing
model complexity with performance. The formalization is as follows:

L(z,&)=L(E) + L(z | £),& CE, (4)

MDL + &* :argnéi/n[L(x,S')],S’ - (5)

Given a token x and a model £’, where £’ is a subset of the expert ensemble &,
the encoding length of the model L(E’) refers to the number of experts selected.
Longer encoding length indicates higher model complexity. While L(z | &) de-
notes the encoding length of z conditioned on &', it reflects the model’s data-
fitting performance based on the selected experts. Longer encoding length sug-
gests a poorer fit of the model to the data. Generally, L(£’) 1= L(x | £) |. Since
the encoding lengths of both components are model-dependent, determining the
subset £* that minimizes the encoding length is essential for effectively applying
the MDL principle. However, existing dynamic routing methods rely on heuristic
schemes [19,20})241/42/50], which limits the model’s ability to explore the trade-off
between model complexity and performance, as well as its ability to allocate ex-
perts effectively. Fortunately, in MoE-based models, redundancy among experts
can occur. As shown in Eq. @, &l is a proper subset of &/, and &£, may show
performance comparable to that of £. This highlights the potential to reduce
model complexity while maintaining performance, specifically by ensuring that
L(&’) decreases without causing an increase in L(x | £'): L(E') I# L(z | &) 1.

L(x | &) — Lz | &)~ 0,3 Cc & C & (6)

To enable dynamic routing through MDL minimization, we establish a con-
nection between MDL and information gain. Suppose the input token to the
MoE layer is x and the target output is y. The MDL can be further written as
k-c—log) ;e wiPi(ylr), where L(E') = k - ¢, with k denoting the number of
experts in &£, and c representing the constant computational penalty for each
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expert. L(z | £') = —log} e wiP;(y|r), where w; denotes the routing score
and P;(y|z) denotes the predictive probability of x given by expert i. Our goal is
to decrease the MDL. After adding an expert F,, to the expert set £, we have
a new expert set &/,,,,. We aim to have L(z,&],,,) < L(z,&’). Substituting this
into the above formulation yields:

(k+1)-c—log P(y|z,&,.,) < k-c—log P(y|z, &) (7)

£
Plylz.,ey) > ¢, where

Simplifying both sides yields the inequality condition: log Pl E

we define log % as the information gain. If the information gain exceeds

a constant ¢, we add the expert; otherwise, no expert is added. This serves as
the principled rule for dynamic expert allocation.

While information gain offers a rigorous theoretical criterion, directly calcu-
lating it requires executing the candidate expert to obtain P(y|z, E,,), which
undermines the computational efficiency of dynamic routing. To address this,
we establish a connection between information gain and gating entropy, thereby
linking MDL and gating entropy. Based on the above analysis, when the informa-
tion gain is large, adding an expert decreases the MDL. To predict information
gain without requiring expert reasoning, we use gating entropy on the token
routing distribution as a natural proxy. Formally, for a token x, we employ its
routing distribution Ryerm () = {w1(x), we(z), ..., wk(x)}, obtained from the
router R, and calculate the gating entropy as follows:

Hz|R)= Z w;(x) logy w; () (8)

Higher gating entropy indicates greater routlng uncertainty outside the current
subset, leading to higher expected gain from extra experts and thus lower MDL.
The prediction formula under the MoE architecture can be expressed as fol-
lows: P(ylz) = >, P(z = i|z)P(y|z,z = i), where z is the expert variable. For
a subset &', P(ylx, &) = > cor Wi Pi(ylz), With normalized restricted weights
w;. After adding expert E,,, P(y|z, &) o) = W+w P(ylz, &) + wi—Pu(yl2),
W = Zze ¢ w;. The formula follows a first- order expansion under w,, < W,
rather than assuming expert independence. For instance, a concentrated distri-
bution (e.g., w1 = %, Wan = 2(%71)) yields limited gain from extra experts

(2 ~ n), whereas a flatter distribution (e.g., w1, = 1) yields larger gain from
extra experts. Thus, gating entropy estimates the gain of changing expert num-
ber, balancing complexity and representation capacity. When a token has
high gating entropy, adding an expert for that token brings the large
information gain, thereby decreasing the MDL.

To verify the correlation between gating entropy and information gain, we
conduct an analysis on the test set. For each sample, we calculate the model’s
prediction accuracy at Top-2 and Top-8, along with the average gating entropy
of the tokens in the sample. We then sort the samples by their gating entropy and
group them into fixed-size intervals. Within each interval, we compute the aver-
age accuracy and average gating entropy to analyze potential trends. As shown
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Fig. 3: Average accuracy versus maximum-minimum normalized token routing entropy
on ScienceQA [35] (4000 samples), evaluated using MolmoE-1B-7B. Samples are sorted
by normalized token routing entropy and grouped into intervals of 200 samples.

in Fig. 3], the results indicate that increasing the number of experts significantly
improves performance for data with high average gating entropy. However, for
data with low average gating entropy, increasing the number of experts does
not significantly improve performance and may even result in a negative gain.
These findings clearly demonstrate that adding experts for tokens with high gat-
ing entropy brings large information gain, establishing an explicit relationship
between the number of experts and gating entropy. This enables an efficient
dynamic routing mechanism that balances model complexity and performance.

3.4 Expert Allocation based on Gating Entropy

Having established the positive correlation between gating entropy and informa-
tion gain when more experts are added, we aim to assign more experts to tokens
with higher gating entropy to help achieve good performance on more uncertain
tasks, and fewer experts to tokens with lower gating entropy to effectively re-
duce the overuse of experts for simple tasks. This mapping process requires a
monotonically increasing relationship between gating entropy and the required
number of experts. To achieve the above goal, we introduce a linear layer expert
assignment predictor P to adaptively learn the mapping process of predicting
the number of experts N = [kjow, .-, khigh] required to be assigned to a token.
kiow and knigh (Kiow = 1, knigr, = 8 in this work.) are the lower and upper limits
for expert activation.

eP (@)
N(z); = Z;ziglhfloerl eP@);’ Y
Khigh
]fsoft = Z i~N(x)i—kzow S [klowa khigh]7 (10)
i=klow

k = Round(ksott) € N, (11)
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The predictor produces weight logits P(x) = W - z, where the matrix W €
RFnign—kowt1)xD ig the lightweight trainable parameter matrix, and N (x); is
the prediction score of the input z to select N; expert(s). Given a token z, we
calculate the probability distribution over the number of experts using P, and
then calculate the expected value kg, which is a soft prediction of the number
of experts. The final k is determined by rounding the kgos by using a straight-
through estimator. To achieve a monotonically increasing mapping relationship
between gating entropy and the number of experts, we employ the monotonic
loss. For any token pair (x;, z;) within a batch X, if the condition H (z;) > H(z;)
is satisfied, then keofcs > Ksoft ; is required. The loss is designed as follows:

(12)

‘Cmono =

Z max(0, margin — ksofei + ksos j), if H(z;) > H(x;)
(@i 2 CX max(0, margin — ks j + ksore:), if H(z;) < H(x;)
Where margin is a boundary threshold used to define the confidence safety
boundary that must be reached for a correct prediction. By combining the cross-
entropy loss (Le), the proposed monotonic loss (Lmono), and the load balancing
loss (L1p), the overall training objective is formally defined as illustrated in
Eq. « and S are weight hyper-parameters. This formula simultaneously op-
timizes the overall balance between task performance, uncertainty-aware expert
routing and expert utilization.

L= L:ce + a»cmono + ﬂ»clb (13)

4 Experiments

4.1 Experimental Setup

Backbones. Native MoE models, rather than dense-copied versions, serve as
backbones, promoting greater diversity among experts and resulting in improved
model performance [37]. Thus, we focus on fine-tuning the router to optimize
its ability to efficiently route data to the experts. We use two backbone models
with different sizes to validate the effectiveness and generalization of our method:
MolmoE-1B-7B (64Top8) [14] and DeepSeek-VL2-Tiny-1B-3B (64Top6) [44].

Baselines. We evaluate four methods from threshold-based and pseudo-
expert dynamic routing strategies. (i) DYNMOoE [19]. Expert selection occurs
only if the similarity exceeds a learned gating threshold. Additionally, an expert
difference loss is introduced to encourage diversity among the experts. (ii) Top-
p [20]. A learnable module is used to dynamically adjust the expert selection
threshold, with a dynamic loss that focuses the probability of expert selection.
(731) AdaMoE [50|. Four null-experts are added to the model, and the router
module is trained to decide when to activate them. (iv) MoE++ [24]. Two zero-
experts, two copy-experts, and two constant-experts are added, with learnable
router parameters. These baselines offer a comprehensive comparison of various
dynamic routing strategies, enabling a fair evaluation of our method.
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Table 1: Performance comparison of various routing strategies on MolmoE-1B-7B .
N 4 represents the average number of activated parameters, Avgy, is the average number
of activated experts, and Avgp is the average performance. Bold highlights the best-
performing results, while underlined denotes the second-best results. T and | indicate
that higher or lower values are preferable, respectively.

Method | N4 | |Avg, ||MMB POPE SQA’ VQA” GQA MM-Vet|Avgp 1
MolmoE-1B-7B| 1.58B |  8.00| 58.24 85.33 87.50 56.37 50.89 45.60 | 63.99

DYNMoE 1.40B 6.19] 51.72 87.84 81.41 55.16 49.95 38.90 60.83
Top-p 2.05B| 12.65| 55.75 87.54 81.66 51.64 47.41 43.10 61.18
AdaMoE 1.39B 6.131 56.95 88.27 84.93 52.31 48.02 40.12 61.77
MoE++ 1.48B 7.03] 51.20 82.81 81.16 46.04 45.71  38.40 57.55

GeMoE (Ours) [1.32B| 5.43| 56.70 88.38 86.98 54.88 50.64 44.10 | 63.61
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Fig. 4: Average accuracy of various Top-  Fig.5: Average number of experts acti-
k routing and dynamic routing methods.  vated in per MoE layer.

Benchmarks. To thoroughly evaluate the vision-language understanding ca-
pabilities and the expert activation rate of each method, we evaluate all methods
across a comprehensive set of benchmarks, including MMBench , POPE ,
ScienceQA , TextVQA , GQA and MM-Vet .

Configurations. To ensure consistency, only the router, along with method-
specific trainable modules, are learnable during MoE training across all methods.
All models are trained for one epoch using the LLaVA-1.5-558k dataset.

4.2 Main Results

Comparison with State-of-the-Art Dynamic Routing Strategies. Tab.[]]
and Fig. [d] present a comparative analysis of our gating entropy-based uncertainty-
aware dynamic routing (GeMoE) against several established dynamic routing
baselines on the MolmoE-1B-7B backbone. The performance of existing dy-
namic routing strategies is suboptimal in native MoE models. Methods such
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Table 2: Performance comparison of various static Top-k routing on MolmoE-1B-
7B [14] and DeepSeekVL2-Tiny-1B-3B [44].

Method |IN4 ||Avg: ||MMB POPE SQA’ VQA" GQA MM-Vet|Avgp +
MolmoE-1B-7B (64Top8)
Top-8 1.58B| 8.00 |58.24 85.33 87.50 56.37 50.89 45.60 | 63.99
Top-7 1.48B| 7.00 | 57.30 84.79 86.51 56.07 50.76 43.90 | 63.22
Top-6 1.38B| 6.00 | 53.86 84.55 85.72 55.34 50.21  43.40 | 62.18
Top-5 1.28B| 5.00 |48.11 84.43 84.09 51.95 48.96 42.90 | 60.07
GeMoE (Ours)|1.32B| 5.43 | 56.70 88.38 86.98 54.88 50.64 44.10 | 63.61
DeepSeek-VL2-Tiny-1B-3B (64Top6)
Top-6 1.17B| 6.00 |69.56 89.07 88.99 70.16 60.84 49.10 | 71.29
Top-5 1.13B| 5.00 | 69.39 88.90 88.55 69.82 59.76 48.60 | 70.84
Top-4 1.09B| 4.00 | 68.87 88.70 87.24 68.72 59.63 4850 | 70.28
Top-3 1.06B| 3.00 | 67.75 88.39 87.10 67.75 59.12 47.10 | 69.54

GeMoE (Ours)|1.08B| 3.55 | 68.72 89.41 88.78 69.24 60.37 48.89 | 70.90

as DYNMOoE, AdaMoE, and MoE++ exhibit significant performance gaps when
compared to Top-8, despite using an average of 6.13 to 7.03 experts. In contrast,
Top-p suffers a notable performance decline despite using an average of 12.65 ex-
perts. In contrast, our approach, which uses the fewest experts on average (5.43),
results in only a 0.38% performance drop compared to Top-8, while consistently
ranking in the Top-2 for performance across all datasets. This suggests that in
MoE models, more experts do not necessarily lead to better performance. An
excessive number of noisy experts can hinder model performance, while the op-
timal number of experts not only preserves but also enhances expert utilization.
This finding further supports the conclusions drawn in Section. [3]

Comparison with Various Static Top-k£ Routing. We compare our
method against various static Top-k routing strategies on two backbone models
of different scales: MolmoE-1B-7TB and DeepSeek-VL2-Tiny-1B-3B. As shown
in Tab. 2] and Fig. [4 our method consistently demonstrates strong model per-
formance and higher sparsity across both backbone models. Specifically, our
approach ranks second only to Top-8, with only 0.38% and 0.39% performance
drops, despite using 32.1% and 40.8% fewer experts than Top-8, respectively.
This result indicates that while Top-8 achieves the highest performance, it suffers
from low expert utilization and fails to strike an optimal balance between model
complexity and performance. In contrast, GeMoE offers a better trade-off, main-
taining high performance while improving expert utilization and the efficient
sparsity of the MoE model. Additionally, the performance of MolmoE-1B-7B is
lower than that of DeepSeek-VL2-Tiny-1B-3B. We attribute this discrepancy to
differences in the distribution of training data. Specifically, we assume that the
experts in the native MoE model already demonstrate strong performance, so we
do not fine-tune them. However, the pretraining data distributions for MolmoE-
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Table 3: Efficiency comparison of various routing strategies on an NVIDIA A800-40G.

Param| Memory| Inference FLOPs| Throughputt Wall-clock Time|
Method Aver | (B) (GB) (GFLOPs/token) (token / second) (second /sample)
MolmoE-1B-7B|  8.00| 7.05 32.95 80.65 1709 0.169
DYNMoE 6.19| 7.05 32.95 72.58 1757 0.162
Top-p 12.65| 7.05 32.95 98.44 1643 0.178
AdaMoE 6.13| 7.05 32.95 71.22 1786 0.161
MoE++ 7.03| 7.05 32.95 75.45 1741 0.165
GeMOoE (Ours) 5.43| 7.05 32.95 68.45 1828 0.152

1B-7B and DeepSeek-VL2-Tiny-1B-3B may differ, with the latter’s distribution
being closer to that of the test set.

Comparison of Inference Efficiency with State-of-the-Art MoE Rout-
ing Strategies. We evaluate the inference efficiency of the proposed GeMoE
compared to MolmoE-1B-7B and other state-of-the-art routing strategies. The
results are shown in Tab. [3] In terms of memory consumption, all methods use
32.95 GB, the same as MolmoE-1B-7B, indicating that the expert assignment
predictor in GeMoE introduces negligible overhead. GeMoE also delivers sig-
nificant computational benefits, reducing inference FLOPs per token by 15.2%
(from 80.65 to 68.45 GFLOPs), increasing throughput by 6.5% (1828 vs. 1709
tokens/s), and reducing wall-clock time per sample by 10.1% (0.152 vs. 0.169 s).
Additionally, our method exhibits similar GPU memory usage during training
compared to the baselines. These results demonstrate that GeMoE accelerates
MokE inference without increasing memory usage, proving its efficiency.

4.3 Ablation Studies

Ablation Study of L,,,,, and Correlation Between Entropy and k. The
core of our method lies in determining the number of experts based on the token-
level distribution of gating entropy, ensuring a positive correlation between the
number of activated experts and gating entropy. To validate the effectiveness of
this module, we conduct two experiments. In the first experiment, we remove
gating entropy as a guiding proxy and allow the expert number predictor to
learn independently. In the second experiment, we reverse the constraint, set-
ting a negative correlation instead of a positive one. As shown in Tab. [ without
the guidance of gating entropy, the predicted number of experts reduced from
5.45 to 4.49, leading to a significant performance drop (from 64.77% to 60.03%).
In the second experiment, when the correlation between entropy and k& becomes
negative, the predicted number of experts reduced further, from 5.45 to 2.86,
resulting in a greater decline in performance (from 64.77% to 51.57%). The ab-
lation study above validates the positive correlation between gating entropy and
the number of experts, demonstrating the effectiveness of the proposed L on0-
Comparison of Different Values of « in L,0no- We conduct a sensitivity
study of the weighting « in L0006, as shown in Tab. [l Specifically, we evaluate
loss weightings of « € {0.0,0.5,1.0,1.5}. The results show that the proposed loss
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Table 4: Ablation study of Lmono and cor- Table 5: Comparison of different values of
relation between entropy and k. +/— indi- « used in Lmono on MolmoE-1B-7B.
cate positive/negative correlation.

o |Avg: ||MMB POPE SQA' VQA™ |Avgp 1
Lmono Corr|Avgy, ||MMB SQA" GQA|Avgr T 00| 449 |52.83 81.77 80.91 47.65 | 65.79

4.49 | 52.83 80.91 46.36| 60.03 0.5| 5.56 | 56.36 86.36 85.02 54.34 | 70.52
v _ 2.86 | 41.92 72.24 40.54| 51.57 1.0/ 5.44 |56.70 88.38 86.98 54.88 | 71.74
v -+ 5.45 |56.70 86.98 50.64| 64.77 1.5| 545 | 56.42 87.87 86.12 54.68 | 71.27
Layer 4 Layer 8 Layer 12 Layer 16
8 8 8 8
7 7 7 7
6 6 6 6
kS kS k 5 | kS5
4 M 4 ﬁ 41 “nw,“"‘m 4 v
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Fig. 6: Visualization of the correlation between gating entropy and the number of
activated experts in layer 4, 8, 12 and 16.

function is robust to different weightings, with the best performance achieved
on most datasets when o = 1.0.

Average Number of Experts Activated in Each MoE Layer. As shown
in Fig. | GeMoE exhibits a variation in the average number of activated experts
across different MoE layers. In general, fewer experts are activated in shallow
layers, while more experts are activated in deeper layers. This indicates that
shallow layers deal with relatively simple semantics, requiring fewer experts,
whereas deeper layers, handling more complex semantics, need more experts to
effectively process the information. Moreover, the number of expert activations
in each layer remains consistently below 8, which helps reduce the computational
load. This results in an average 32% reduction in the number of activated experts.

Correlation between Gating Entropy and the Number of Activated
Experts. We visualize the correlation between gating entropy and the number
of activated experts learned by the expert assignment predictor in layers 4, 8, 12,
and 16, with intervals of 4 layers. As shown in Fig. [6] the gating entropy across
different layers leads to varying numbers of activated experts, but all layers
exhibit a consistent positive correlation. Specifically, layers 4 and 8 have higher
initial gating entropy compared to layers 12 and 16. When the gating entropy
is small, the number of experts increases rapidly with increasing gating entropy,
indicating that gating entropy has a significant impact on expert activation.
However, when the gating entropy reaches a certain value, the increase in the
number of activated experts gradually weakens. For layers 12 and 16, which have
lower initial gating entropy, the increase in the number of experts becomes more
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Fig. 7: Average number of tokens activated per expert. A larger circle indicates more
activations.

steady. Overall, shallow layers activate fewer experts on average, while deeper
layers activate more, consistent with the observations in Fig.

Average Number of Tokens Activated by Experts. Fig. [7] shows the
average number of expert activations. As observed, there is a variation in the
number of expert activations across different MoE layers. Specifically, fewer ex-
perts are activated in the shallow layers, while more experts are activated in
the deeper layers. This observation aligns with the findings in Fig. [§] and Fig. [6]
suggesting that shallow layers handle simpler semantics, requiring fewer experts,
while deeper layers handle more complex semantics, requiring more experts.

5 Conclusion

Our study reveals that dynamic routing in MoE fundamentally addresses a Min-
imum Description Length (MDL) problem by balancing model complexity and
performance. To enable dynamic routing via MDL minimization, we establish a
connection between MDL and the gating entropy of token routing. Specifically,
when a token has high gating entropy, increasing the number of experts results
in significant information gain, thereby reducing MDL, and vice versa. Based on
this insight, we introduce a learnable, lightweight expert assignment predictor
that assigns an adaptive number of experts to each token according to its gating
entropy. To ensure a positive correlation between gating entropy and the num-
ber of experts, we incorporate a monotonicity loss. Through comparisons with
various dynamic routing strategies across different backbone models and abla-
tion studies, we demonstrate the effectiveness of GeMoE. Our method achieves a
favorable balance between model complexity and performance while improving
the efficiency of expert utilization.
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