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Abstract

Mixture-of-Experts (MoE) has become a dom-
inant architecture for scaling large language
models due to their sparse activation mecha-
nism. However, the substantial number of ex-
pert activations creates a critical latency bottle-
neck during inference, especially in resource-
constrained deployment scenarios. Existing
approaches that reduce expert activations poten-
tially lead to severe model performance degra-
dation. In this work, we introduce the concept
of activation budget as a constraint on the num-
ber of expert activations and propose Alloc-
MoE, a unified framework that optimizes bud-
get allocation coordinately at both the layer and
token levels to minimize performance degrada-
tion. At the layer level, we introduce Alloc-L,
which leverages sensitivity profiling and dy-
namic programming to determine the optimal
allocation of expert activations across layers.
At the token level, we propose Alloc-T, which
dynamically redistributes activations based on
routing scores, optimizing budget allocation
without increasing latency. Extensive exper-
iments across multiple MoE models demon-
strate that Alloc-MoE maintains model perfor-
mance under a constrained activation budget.
Especially, Alloc-MoE achieves 1.15× prefill
and 1.34× decode speedups on DeepSeek-V2-
Lite at half of the original budget.

1 Introduction

Mixture-of-Experts (MoE) has emerged as an
important approach for sparsifying mainstream
Transformer-based models (Shazeer et al., 2017;
Lepikhin et al., 2021; Fedus et al., 2022). It re-
places the feed-forward network layers with sparse
MoE layers, which consist of a gating network and
a set of small networks named experts. The gating
network computes routing scores over experts per
token and activates only the Top-K experts for each

*Corresponding Author.

Accuracy Speedup Speedup (Decode)
Speedup (Prefill)

Accuracy

2 3 4 5 6
# Expert activations per token

20

25

30

35

40

Ac
cu

ra
cy

 (%
)

22.90

32.07
34.57

36.47
38.06

1.0

1.1

1.2

1.3

Sp
ee

du
p 

(x
)

1.26x

1.14x

1.07x
1.04x

1.00x

(a)
Original LExI Alloc-MoE15

20

25

30

Ac
cu

ra
cy

 (%
)

28.87

18.45

27.71

1.0

1.1

1.2

1.3

1.4

Sp
ee

du
p 

(x
)

1.00x

1.14x 1.15x

1.00x

1.36x 1.34x

(b)

Figure 1: (a) Reducing the number of expert activations
per token increases speedup but decreases accuracy. (b)
Alloc-MoE achieves inference latency comparable to the
mainstream expert activation reduction method while
retaining performance close to that of the original full-
activation model when halving expert activation per
token. All results are measured on DeepSeek-V2-Lite.
Speedup is computed as the inference latency of the
original model (with 6 expert activations per token)
divided by the latency of the evaluated method.

token. This sparse expert activation mechanism
facilitates widespread deployment of MoE models
in real-world systems (DeepSeek-AI, 2024b; Yang
et al., 2025a; Team et al., 2025).

However, as the number of input tokens in-
creases, the large amount of expert activations
becomes a critical bottleneck for efficient MoE
inference, which is further severe in resource-
constrained deployment scenarios. Existing works
have explored reducing expert activations either
from token-level (Yang et al., 2024; Huang et al.,
2024; Guo et al., 2025; Aghdam et al., 2024; Lu
et al., 2024; Muzio et al., 2024; Zhong et al., 2024;
Huang et al., 2025) or layer-level (Yang et al.,
2025b; Chitty-Venkata et al., 2025) perspective
to decrease inference latency. However, these ap-
proaches neglect their impact on model perfor-
mance, potentially leading to significant degrada-
tion. Figure 1(a) shows that on DeepSeek-V2-Lite,
reducing the expert activations per token from 6 to
3 leads to a 17% performance degradation, which
exacerbates to nearly 40% when further reduced to
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two activated experts.
To address this problem, we formalize the num-

ber of expert activations as an activation budget,
which is closely correlated with inference latency,
and propose Alloc-MoE, a unified framework that
optimizes budget allocation to minimize perfor-
mance degradation under a fixed expert activation
budget. Figure 1(b) demonstrates that Alloc-MoE
achieves a comparable speedup to the mainstream
method and maintains performance close to the
original model. Alloc-MoE coordinately allocates
the budget at the layer and token levels utilizing
Alloc-L and Alloc-T, respectively. Alloc-L adopts
an end-to-end performance metric to profile layer
sensitivity and formulates layer-level expert activa-
tion allocation as a sensitivity-guided optimization
problem, which is solved exactly and efficiently via
dynamic programming, yielding the optimal allo-
cation of expert activations across layers. Building
upon this, Alloc-T dynamically redistributes expert
activations across tokens within each layer accord-
ing to token-level routing scores. By prioritizing
tokens with less concentrated routing distributions,
Alloc-T better allocates limited expert activations
without introducing extra inference latency.

Our contributions are summarized as follows:

• We introduce the expert activation budget and
propose Alloc-MoE, a unified framework that
optimizes the allocation of budgets coordi-
nately at the layer and token levels.

• We present Alloc-L, a layer-level expert acti-
vation allocation method that optimizes layer-
level expert activation allocation under a fixed
budget by leveraging global sensitivity profil-
ing and exact dynamic programming.

• We introduce Alloc-T, a token-level redistribu-
tion strategy that reallocates expert activations
according to routing scores, improving model
performance under a fixed activation budget
without additional inference latency.

• Extensive experiments demonstrate that Alloc-
MoE sustains performance under a restricted
activation budget across multiple MoE mod-
els. Notably, on DeepSeek-V2-Lite, it attains
1.15× speedup in prefill and 1.34× in decode
when using only half of the original budget.

2 Related works

Token-level Expert Activation Reduction.
These methods aim to adaptively reduce the

number of activated experts per token based on
token-level routing scores. XMoE (Yang et al.,
2024) introduces Top-P routing, where each token
activates a variable number of experts whose
cumulative routing scores exceed a predefined
threshold P . However, it requires training-time
calibration and can lead to over-activation.
Dynamic-MoE (Huang et al., 2024) further regu-
larizes the entropy of routing score distributions
during training to mitigate the over-activation
behavior of Top-P routing. NAEE (Lu et al.,
2024) conditionally skips the secondary expert
in Top-2 routing for Mixtral (Jiang et al., 2024)
when its gating weight falls below a relative
threshold, but this approach is limited to models
with Top-2 routing and does not generalize to
larger expert sets. AdapMoE (Zhong et al., 2024)
employs a sensitivity-aware gating mechanism
with an offline-calibrated threshold to adaptively
reduce expert activations while preserving model
performance, yet it is similarly constrained to
specific pretrained models and requires offline
calibration.

Layer-level Expert Activation Allocation.
These approaches typically reduce the number of
per-layer expert activations and demonstrate the
efficiency improvement at the cost of performance
degradation. Yang et al. (2025b) investigate
several heuristic expert reduction strategies,
showing significant throughput improvements
across both low- and high-concurrency settings,
and revealing that their efficiency–accuracy
trade-offs differ markedly across MoE models.
LExI (Chitty-Venkata et al., 2025) proposes a
data-free, post-training layer-adaptive reduction
method and demonstrates improved inference
efficiency compared to pruning-based approaches.

3 Methodology

In this section, we first review the Top-K rout-
ing mechanism and formalize the notion of expert
activation budget. Then we present the two key
components of Alloc-MoE: Alloc-L for layer-level
activation allocation and Alloc-T for token-level
activation redistribution.

3.1 Preliminary

Top-K Routing of Mixture-of-Experts. A stan-
dard MoE layer consists of N expert networks and
a gating network that enables conditional compu-
tation by selectively activating a subset of experts
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Figure 2: Overview of the Alloc-MoE framework, consisting of two components: Alloc-L (left) profiles layer-wise
sensitivity to construct a sensitivity matrix and applies dynamic programming to determine the optimal layer-
level activation budget K∗ under a global expert activation budget B; Alloc-T (right) adaptively redistributes
expert activations across tokens based on routing scores, maximizing the total routing weight while respecting the
layer-wise budgets.

for each token. Given an input hidden represen-
tation X ∈ RT×H , the gating network indepen-
dently routes each token xt by projecting it with
Wgate ∈ RH×N and computing routing scores over
experts:

wt = Top-K(Softmax(xt ·Wgate)), (1)

where only the K largest scores are retained and
the rest are masked to zero. The MoE output is
computed as a weighted sum over the activated
experts,

yt =
N∑

i=1

wt,i · Ei(xt), (2)

with wt,i = 0 for non-activated experts.

Expert Activation Budget. In an MoE layer,
each activated expert corresponds to one feed-
forward execution, typically implemented as a
GEMM operation. As a result, the inference la-
tency scales approximately linearly with the total
number of expert activations. We formalize ex-
pert activations using two closely related budget
notions: a global activation budget and a layer-
level activation budget. Specifically, we define the
global activation budget as the total number of ex-
pert activations incurred by a single token across
all MoE layers during inference. For a model with
L MoE layers, if a token activates up to Top-K ex-
perts in each layer, its global activation budget is

bounded by L×K. We define the layer activation
budget as the average number of expert activations
allocated per token within a given MoE layer. For
a layer processing T tokens with a Top-K routing,
the total activation budget is at most T ×K, which
can be flexibly redistributed across tokens as long
as the average per-token budget is preserved. The
global activation budget equals the sum of the layer
activation budgets across all layers. This formaliza-
tion enables principled allocation at both the layer
and token levels, directly motivating the design of
Alloc-L and Alloc-T.

3.2 Alloc-L
Alloc-L optimizes the allocation of expert activa-
tions across layers under a fixed global activation
budget. It profiles layer-wise sensitivity using an
end-to-end performance metric and leverages this
information to perform a sensitivity-aware alloca-
tion, which can be solved efficiently via dynamic
programming.

Layer-wise Sensitivity Profiling. The sensitiv-
ity of expert allocations in shallow layers may
be masked by compensatory allocations in deeper
layers, obscuring the attribution of observed per-
formance changes to a specific layer. To better
characterize the layer-wise sensitivity, we adopt an
allocation-isolating profiling strategy that mitigates
interference from subsequent layers.
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Specifically, we utilize the perplexity metric. For
a model with L MoE layers indexed {0, 1, . . . , L−
1}, when profiling target layer i, we gradually re-
duce its allocated Top-K value from the original
Korig down to 1, while temporarily constraining
all deeper layers to the minimal activation setting
(Top-K = 1) and keeping all preceding layers at
the original Korig. This preserves routing patterns
in preceding layers and mitigates compensatory
effects from deeper layers, enabling accurate at-
tribution of observed performance changes to the
target layer. The perplexity measured under differ-
ent Top-K settings is then used to characterize the
relative sensitivity of target layer i to changes in
expert activation.

After applying the profiling process in Algo-
rithm 1, we obtain a global sensitivity matrix S ∈
RL×Korig , where each normalized row S[i, 1..Korig]
captures the relative loss of layer i under varying
expert activations and provides a globally compa-
rable layer-wise sensitivity measure across layers.

Sensitivity-Guided Layer-wise Expert Alloca-
tion. Consider a model with L MoE layers, let
B denote the maximum global budget, Korig the
original Top-K of the model, and define K =
[K0,K1, . . . ,KL−1] as a layer-level activation bud-
get allocation, where 1 ≤ Ki ≤ Korig represents
the budget of expert activations per token allocated
to layer i. Our goal is to identify the optimal layer-
level allocation K∗ that minimizes the aggregated
loss under the global activation budget:

argmin
K=[Ki]

L−1
i=0

L−1∑

i=0

S[i,Ki] (3)

s.t.
L−1∑

i=0

Ki ≤ B, (4)

1 ≤ Ki ≤ Korig, ∀i. (5)

We solve this problem by casting it as a budget-
constrained allocation task analogous to a grouped
knapsack problem. Each MoE layer constitutes
a group of allocation choices, where activating k
experts per token for layer i consumes a budget
of k and incurs a sensitivity cost of S[i, k]. The
objective is to minimize the total sensitivity across
all layers under the global budget constraints. We
define DP[i, b] as the minimum cumulative sen-
sitivity achievable by allocating experts to layer
0, 1, · · · , i under a total budget b. The recurrence

Algorithm 1: Layer-wise Allocation-Isolated Sen-
sitivity Profiling

Input: Model M , number of layers L, calibration
dataset Dcalib, original Top-K Korig

Output: Global sensitivity matrix S ∈ RL×Korig

1: Initialize S ← 0, C ← [Korig]
L−1
i=0

2: ApplyConfiguration(M,C)
3: PPL← GetPerplexity(M,Dcalib)
4: for i = L− 1 down to 0 do
5: S[i,Korig]← PPL
6: for k = Korig − 1 down to 1 do
7: C[i]← k
8: ApplyConfiguration(M,C)
9: PPL← GetPerplexity(M,Dcalib)

10: S[i, k]← PPL
11: end for
12: end for
13: return S

relation is:

DP[i, b] = min
k≤b

(DP[i− 1, b− k] + S[i, k]) (6)

with base conditions DP[−1, 0] = 0 and
DP[−1, b > 0] = +∞.

After processing all L layers, the optimal allo-
cation is obtained as K∗ = argmin

b≤B
DP[L− 1, b],

with the corresponding layer-wise expert alloca-
tion recovered via backtracking. This dynamic
programming formulation yields an exact solution
with complexity O(L ·B ·Korig), which is efficient
in practice due to the limited allocation range per
layer, as the total budget B is upper-bounded by
L×Korig.

3.3 Alloc-T

Alloc-T optimizes the allocation of expert activa-
tions across tokens within each layer under a fixed
layer-level activation budget. It leverages token-
level routing score distributions to adaptively re-
distribute activations, improving allocation without
increasing the overall inference cost.

Token-level Adaptive Expert Activation Redis-
tribution. Alloc-T treats expert activation alloca-
tion within a layer as a collective allocation prob-
lem across tokens under a fixed layer-level activa-
tion budget, enabling expert activation to be adap-
tively allocated to tokens according to their routing
score distributions.
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Specifically, let Kl denote the average activation
budget per token for layer l as determined by Alloc-
L. We define the candidate set of token–expert pairs
as

Cl = {(t, e)|e ∈ Top-K(wt), t = 1, . . . , T}, (7)

where T is the number of tokens and |Cl| = T ×
Kl. Alloc-T then selects activations from Cl while
respecting the average activation budget Kl.

We introduce binary variables zt,e ∈ {0, 1} to in-
dicate whether expert e is activated by token t, and
formulate token-level expert activation allocation
as:

max
zt,e

∑

(t,e)∈Cl
zt,e · wt,e (8)

s.t.
∑

(t,e)∈Cl
zt,e ≤ T ×Kl, (9)

∑

e

zt,e ≥ Kbase, ∀t. (10)

Constraint 9 enforces the layer-level activation bud-
get at layer l, while Constraint 10 ensures a min-
imum base expert activation allocation Kbase per
token to prevent token dropping. In practice, this
constrained optimization is efficiently solved by
using simple masking and global top-selection op-
erations on the routing scores, incurring negligible
inference overhead even at large T .

Specifically, given the routing score scores of
shape [T,Korig], each row scores[i, :] contains the
routing scores for token i, sorted in descending or-
der. We first preserve the Top-Kbase experts for
each token to ensure routing stability and main-
tain a minimum allocation. Then, instead of per-
forming independent per-token selection, we col-
lect the remaining Korig −Kbase candidate expert
scores across all tokens and globally select the top
(Kl−Kbase) ·T entries under the overall activation
budget constraint. This global selection enables
computation to be dynamically shifted toward to-
kens with less concentrated routing distributions.

Notably, standard Top-K routing is a special case
of this formulation when Kbase = Kl and no addi-
tional budget is available for redistribution. Alloc-T
therefore generalizes conventional routing by relax-
ing fixed expert activation allocation per token and
enabling adaptive token-level expert activation al-
location under a fixed layer-level activation budget.

Model # MoE
Layers

# Act. / Tot.
Experts

# Act. / Tot.
Params.

DeepSeek 26 6 / 64 2.4B / 15.7B
Qwen 24 4 / 60 2.7B / 14.3B
OLMoE 16 8 / 64 1.0B / 7.0B

Table 1: Architectural details of the evaluated MoE
models.

4 Experiments

4.1 Setup

Models and Budgets. We evaluate Alloc-MoE
on three representative MoE models: DeepSeek-
V2-Lite (DeepSeek-AI, 2024a), Qwen1.5-MoE-
A2.7B (Team, 2024), and OLMoE-1B-7B-
0924 (Muennighoff et al., 2025). These models
differ in scale, number of MoE layers and Top-
K configurations, providing a diverse evaluation
benchmark for studying expert activation alloca-
tion strategies. For brevity, we refer to them as
DeepSeek, Qwen, and OLMoE respectively in the
following experiments. Table 1 summarizes their
architectures.

For each model, we impose a strict global activa-
tion budget B. Specifically, we evaluate DeepSeek
with B ∈ {130, 104, 78, 52}, corresponding to av-
erage per-layer Top-K allocations of {5, 4, 3, 2}.
For Qwen, we consider B ∈ {84, 72, 60, 48}, cor-
responding to {3.5, 3, 2.5, 2}. For OLMoE, we
adopt B ∈ {112, 96, 80, 64}, corresponding to
{7, 6, 5, 4}. These budgets span mild to aggressive
sparsification regimes, enabling systematic evalu-
ation of performance–efficiency trade-offs under
constrained expert activation allocation.

Baselines. We compare Alloc-MoE against rep-
resentative MoE inference baselines that differ in
how a fixed global activation budget is allocated
across layers and tokens. Specifically, we con-
sider: Uniform, which allocates identical expert
activation to all MoE layers; LExI, which redis-
tributes the budget across layers based on intra-
layer sensitivity profiling; and two token-level base-
lines, Dynamic-MoE and NAEE, which adapt ex-
pert activation across tokens under the Uniform
layer-wise allocations. Implementation details of
layer- and token-level baselines are provided in
Appendix A.1.

Datasets and Benchmarks. We use Wiki-
text2 (Merity et al., 2017) for calibration and con-
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Figure 3: Alloc-MoE Results on DeepSeek-V2-Lite under varying global activation budgets. (a) NLU task, (b)
Reasoning task and (c) Math task.

duct extensive evaluations on 20 datasets cover-
ing three task groups: Natural Language Under-
standing (NLU), Reasoning and Math. The NLU
benchmarks comprise BoolQ (Clark et al., 2019),
LAMBADA (Paperno et al., 2016), RACE (Lai
et al., 2017), SciQ (Welbl et al., 2017), MNLI,
QNLI and RTE (Wang et al., 2018). The Reason-
ing tasks include ARC (ARC-E and ARC-C) (Clark
et al., 2018), HellaSwag (Zellers et al., 2019),
LogiQA (Liu et al., 2021), MMLU (Hendrycks
et al., 2021), PIQA (Bisk et al., 2020), Truth-
fulQA (Lin et al., 2022), ACP (Kokel et al., 2025),
BBH (Suzgun et al., 2023), GroundedCocoa (Kohli
et al., 2025), and SWAG (Zellers et al., 2018).
The Math benchmarks include GSM8K (Cobbe
et al., 2021), ASDiv (Miao et al., 2020), and
MathQA (Amini et al., 2019). For GSM8K, ACP,
and BBH, we report exact match (EM) metric. Ac-
curacy metric is used for all other benchmarks. For
clarity, we report the average performance within
each task group.

Evaluation details. For performance evaluation,
we use the lm-eval (Gao et al., 2024) framework
with vllm (Kwon et al., 2023) backend. For infer-
ence efficiency evaluation, we report prefill and
decode speedups relative to the original expert ac-
tivation allocation strategy, using the DeepSeek
model as a representative benchmark. LExI allo-
cation under the same global activation budgets is
included as a reference. Implementation and mea-
surement details are provided in Appendix A.2. All
experiments are conducted on a single NVIDIA
H100 80GB GPU.

4.2 Main Results

Performance. Figure 3 shows task-aggregated
performance across varying budgets. From these

results, several observations can be drawn: (1)
Alloc-MoE outperforms baselines in 10 of 12 eval-
uated settings, demonstrating robust generalization
across tasks and budgets. (2) As the budget be-
comes increasingly restrictive, Alloc-MoE exhibits
minimal performance degradation relative to all
baselines, underscoring its robustness to aggres-
sive expert sparsification. (3) The performance
advantage of Alloc-MoE grows with task com-
plexity, with average improvements of 0.05% on
NLU, 0.70% on Reasoning, and 2.15% on Math
tasks. This indicates that Alloc-MoE is more ben-
eficial for tasks with greater computational diver-
sity, where adaptive activation allocation can bet-
ter match the varying demands across tokens and
layers, leading to more pronounced improvements
compared to Uniform allocation. Similar trends
are observed on Qwen and OLMoE in Appendix B
(Figure 9), Alloc-MoE consistently maintains com-
petitive performance under mild budget constraints
and demonstrates increasingly clear advantages un-
der aggressive sparsification, particularly on Rea-
soning and Math tasks. Overall, these results val-
idate Alloc-MoE as a robust and general expert
activation allocation framework for MoE inference
under constrained budgets.

Inference Efficiency. As shown in Figure 5,
Alloc-MoE achieves inference speedups compa-
rable to LExI baseline across all global activation
budgets in both prefill and decode stages, indicating
that it introduces no additional runtime overhead.
Moreover, inference latency decreases monoton-
ically as the budget is reduced, suggesting that
the observed speedups mainly stem from reduced
expert activations. Under a representative setting
where the budget is halved, Alloc-MoE achieves a
1.15× speedup in prefill and a 1.34× speedup in
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Figure 4: Ablation results of Alloc-L on DeepSeek-V2-Lite under varying global activation budgets. (a) shows
NLU task, (b) Reasoning task and (c) Math task.
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Figure 5: Speedup ratios for (a) prefill and (b) decode
stages under varying global activation budgets.

Kbase
Budget Avg.

52 78 104 130

0 42.68 45.36 45.99 46.09 45.03
1 42.83 45.42 45.93 46.30 45.12
2 41.13 45.02 45.83 46.17 44.54
3 41.13 43.77 45.84 46.08 44.21
4 41.13 43.77 45.52 45.80 44.06
5 41.13 43.77 45.52 45.97 44.10

Table 2: Analysis of Kbase in Alloc-T on DeepSeek-
V2-Lite under Uniform allocation strategy. Results are
averaged across three task groups, with the last column
showing the average performance across all budgets.

decode relative to the original expert activation allo-
cation strategy, demonstrating consistent inference
acceleration under constrained budgets.

4.3 Analysis of the Base Expert Allocation
Kbase in Alloc-T

Based on Uniform allocation, we vary Kbase from
0 to K − 1 where K denotes the original Top-K
of each model. Notably, Kbase = 0 corresponds
to no base expert activation allocation, where all
activated experts are selected solely through expert
activation redistribution. To evaluate the overall
impact of Kbase, we report the average accuracy

across three task groups.
Table 2 summarizes the results on DeepSeek.

Across most budget settings, Kbase = 1 achieves
the best or near-best performance and produces the
highest average accuracy across all four budgets.
In contrast, larger base allocations (Kbase ≥ 2)
consistently degrade performance, especially un-
der tighter budgets, suggesting that excessive base
allocation over-constrains the allocation space and
limits the effectiveness of adaptive expert alloca-
tion. While Kbase = 0 performs competitively,
it remains slightly inferior to Kbase = 1, which
indicates that Kbase = 1 consistently offers the
most favorable trade-off between base allocation
and flexible redistribution. Similar trends are ob-
served on Qwen and OLMoE in Appendix B (Ta-
bles 5 and 6). Based on these observations, we set
Kbase = 1 as the default configuration of Alloc-T.

4.4 Analysis of Expert Load Balance

Figure 7 illustrates the result of expert load distri-
butions. Qualitatively, Alloc-MoE preserves the
overall shape of the load distribution, introducing
no noticeable distortion. Moreover, by reducing
the per-expert load, it decreases the communication
volume, which is expected to improve inference
efficiency in distributed MoE deployment. We fur-
ther conduct a quantitative analysis to characterize
this behavior, as summarized in Figure 8. Specifi-
cally, we compute the Spearman rank correlation
of expert loads across all layers between the two
settings. The correlation remains consistently high
(0.93–0.99), indicating that the relative ordering of
hot and cold experts is largely preserved. This sug-
gests that Alloc-MoE does not disrupt the inherent
expert specialization. To further assess distribu-
tional shifts, we measure the difference in normal-
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Figure 6: Ablation results of Alloc-T on DeepSeek-V2-Lite under varying global activation budgets. (a) shows
NLU task, (b) Reasoning task and (c) Math task.
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Figure 7: Expert load distributions in the 10-th MoE
layer of DeepSeek-V2-Lite under the original configu-
ration and Alloc-MoE with Budget = 78. Alloc-MoE
preserves the load pattern while reducing per-expert
load, potentially lowering inter-device communication
overhead.

ized entropy between the two settings, as well as
the Jensen–Shannon (JS) divergence between the
corresponding weighted load distributions. Both
metrics show minimal deviation: the entropy de-
creases slightly (0.003–0.035), while the JS diver-
gence remains below 0.014 across all layers. These
results demonstrate that Alloc-MoE maintains a
stable expert utilization pattern while introducing
negligible distributional shift.

4.5 Analysis of Budget Allocation in Alloc-L
and Alloc-T

Under the half-budget setting, As shown in Ap-
pendix B (Figure 12), Alloc-L produces a clearly
non-uniform layer-wise allocation, where earlier
layers retain more experts while deeper layers oper-
ate with reduced budgets, reflecting heterogeneous
routing sensitivity across layers. At the token level,
Alloc-T shows strong correlation (> 0.7) with rout-
ing entropy and exhibits a consistent monotonic
pattern, allocating fewer experts to low-entropy
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Figure 8: Analysis of load balance across layers. Includ-
ing Spearman rank correlation (blue, left axis), Entropy
delta (red, right axis), and JS divergence (green, right
axis).

Dataset Budget Avg.
52 78 104 130

WikiText2 41.53 44.61 45.76 46.47 44.59
C4 41.56 45.05 45.83 45.94 44.60
Pile 42.55 45.05 45.29 45.84 44.68

Table 3: Impact of different calibration datasets on
DeepSeek-V2-Lite with Alloc-L under varying budgets.

(high-confidence) tokens and more to high-entropy
(ambiguous) ones.

4.6 Analysis of Calibration Dataset

We compare the impact of different calibration
datasets, including WikiText2 (Merity et al., 2017),
C4 (Raffel et al., 2020), and Pile (Gao et al., 2020).
As shown in Appendix B (Table 3), the overall
performance remains highly consistent across all
three datasets under varying budget settings, indi-
cating that Alloc-L is insensitive to the selection of
calibration datasets.
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Method Budget Avg.
52 78 104 130

Uniform 41.27 43.90 45.51 46.06 44.19
+L 41.53 44.61 45.76 46.47 44.59
+T 42.83 45.42 45.93 46.30 45.12
+L +T 43.09 45.48 46.01 46.17 45.19

Table 4: Ablation study of Alloc-L (+L) and Alloc-T
(+T) on DeepSeek-V2-Lite under varying global acti-
vation budgets. Results are averaged across three task
groups, with the last column showing the average per-
formance across all budgets.

4.7 Ablation Studies
We first evaluate Alloc-L and Alloc-T indepen-
dently against their respective level-specific base-
lines to demonstrate their individual effectiveness.
We then analyze their joint behavior under the Uni-
form allocations to highlight their complementarity.

Effect of Alloc-L. We compare Alloc-L against
four layer-wise allocation baselines under four bud-
get settings. In addition to LExI and Uniform,
we consider: Ascending, where the allocations in-
crease with layer depth, and Descending, which
applies the reverse schedule. Figure 4 presents
the results on DeepSeek. Compared to these base-
lines, Alloc-L consistently achieves a superior per-
formance–efficiency trade-off. Similar trends are
observed on Qwen and OLMoE in Appendix B
(Figure 10). Across both models, Alloc-L outper-
forms the baseline strategies in the majority of bud-
get configurations, indicating that Alloc-L general-
izes well across different MoE models.

Effect of Alloc-T. We compare Alloc-T against
NAEE and Dynamic-MoE under the Uniform layer-
wise allocations. Figure 6 presents the results on
DeepSeek. Alloc-T consistently outperforms both
baselines across all tasks and budgets. Notably, its
advantage becomes increasingly pronounced un-
der tighter budgets and on more challenging tasks,
highlighting the benefit of token-wise redistribu-
tion under aggressive sparsification. Similar trends
are observed on Qwen and OLMoE as shown in
Appendix B (Figure 11), indicating that Alloc-T
generalizes well across different MoE models.

Complementarity of Alloc-L and Alloc-T. Ta-
ble 4 reports the ablation results on DeepSeek.
The results show that: (1) Alloc-L consistently
improves performance across all budget settings,
achieving an average gain of 0.4%. (2) Alloc-T

yields larger improvements than Alloc-L in most
budget settings, particularly under aggressive spar-
sification, highlighting the growing importance of
token-level redistribution as the budget becomes in-
creasingly constrained. (3) Combining Alloc-L and
Alloc-T consistently achieves the best or near-best
performance across all budgets, with the highest
average performance. Similar trends are observed
on Qwen and OLMoE in Appendix B (Tables 7 and
8), indicating that the benefits of Alloc-L and Alloc-
T generalize across different MoE models. Overall,
these results suggest that Alloc-L and Alloc-T op-
erate on orthogonal dimensions of expert activation
allocation and can be jointly applied to improve the
allocation of limited budgets.

5 Conclusion

In this work, we proposed Alloc-MoE, a unified
framework that optimizes the allocation of limited
expert activation in Mixture-of-Experts models to
minimize performance degradation. By modeling
expert activations as a global activation budget and
allocating it in a coordinated manner across lay-
ers and tokens, Alloc-MoE effectively mitigates
performance degradation caused by reduced expert
activations. Extensive experiments across multi-
ple MoE models and tasks demonstrate that Alloc-
MoE consistently achieves a superior performance–
efficiency trade-off, preserving accuracy even with
substantially fewer activated experts.

Limitations

While Alloc-MoE demonstrates strong perfor-
mance under constrained expert activation bud-
gets, several limitations remain. First, while our
approach focuses on allocating expert activations,
it is fully orthogonal to other efficiency-oriented
methods such as expert pruning or quantization,
which could be combined with Alloc-MoE for ad-
ditional speedups. Second, Alloc-MoE does not
incorporate hardware-level factors such as expert
placement or communication overhead. Integrating
these considerations in distributed systems repre-
sents a natural direction for future enhancement.
Finally, our framework targets pretrained models,
and extending Alloc-MoE to incorporate activation-
aware strategies during training to improve model
robustness remains an open avenue for further re-
search.
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A Setup Details

A.1 Implementation Details of Baselines
Layer-level Baseline. The Ascending baseline
distributes the budget B across L layers using a
monotonically increasing schedule. It initializes
an integer allocation via rounded linear interpola-
tion between Kmin and Kmax, producing a depth-
increasing profile. This allocation is then refined
through bi-directional passes to enforce monotonic-
ity and constrain inter-layer differences to at most
one. To exactly satisfy the global budget B, greedy
adjustments are applied to internal layers while
preserving monotonicity and boundary constraints.
The Descending variant follows the same proce-
dure in reverse order. In practice, we set Kmin = 1
and Kmax to the model’s original Top-K. When
the budget B exceeds the feasible range under these
bounds, Kmin is increased until a valid allocation
satisfying the budget constraint is obtained.

Token-level Baseline. Dynamic-MoE performs
dynamic token routing by adjusting the number of
expert activations per token based on a pre-profiled
Top-P threshold. The threshold is calibrated under
the Uniform layer-level allocation, ensuring that the
resulting expert activations meet the target budget.
NAEE implements Dynamic Expert Skipping by
conditionally skipping experts based on routing
scores. In our evaluation, we extend its original
Top-2 routing to Top-K routing, skipping the k-th
expert if its score falls below a layer- and model-
specific threshold β relative to the Top-1 expert.
This threshold is profiled under the Uniform layer-
wise allocation to ensure the same target expert
budget is maintained.

A.2 Efficiency Evaluation Details
For inference efficiency evaluation, we measure
prefill and decode speedup ratios using dummy
prompts with randomly generated tokens (batch
size 8, prompt length 32, decode length 128).
This configuration provides a controlled and re-
producible environment that isolates the impact of
expert allocation on inference latency. Speedups
are averaged over 10 runs after a 5 warm-up itera-
tions to reduce variability, and reported relative to
the original configuration.

B Additional Results
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Figure 9: Alloc-MoE results on Qwen1.5-MoE-A2.7B and OLMoE-1B-7B-0924 under varying global activation
budgets. (a–c) report results on Qwen1.5-MoE-A2.7B, while (d–f) correspond to OLMoE-1B-7B-0924. For each
model, (a,d) show NLU tasks, (b,e) Reasoning tasks, and (c,f) Math tasks.

Kbase
Budget Avg.

48 60 72 84

0 46.87 47.86 48.06 48.63 47.86
1 46.89 47.84 48.23 48.66 47.91
2 46.00 47.93 48.33 48.69 47.74
3 46.00 47.90 48.25 48.48 47.66

Table 5: Analysis of Kbase in Alloc-T on Qwen1.5-MoE-
A2.7B under Uniform allocation strategy. Results are
averaged across three task groups, with the last column
showing the average performance across all budgets.

Kbase
Budget Avg.

64 80 96 112

0 37.27 38.47 39.14 39.55 38.61
1 37.38 38.50 39.09 39.61 38.65
2 37.39 38.49 39.16 39.55 38.65
3 37.53 38.56 39.05 39.51 38.66
4 36.77 38.56 39.04 39.49 38.47
5 36.77 37.97 38.96 39.61 38.33
6 36.77 37.97 39.11 39.54 38.35
7 36.77 37.97 39.11 39.47 38.33

Table 6: Analysis of the Kbase in Alloc-T on OLMoE-
1B-7B-0924 under Uniform allocation strategy. Results
are averaged across three task groups, with the last col-
umn showing the average performance across all bud-
gets.

Method Budget Avg.
48 60 72 84

Uniform 46.07 47.35 48.18 48.10 47.43
+L 46.11 47.78 48.33 48.59 47.70
+T 46.89 47.84 48.19 48.66 47.90
+L +T 46.96 47.54 48.19 48.63 47.83

Table 7: Ablation study of Alloc-L (+L) and Alloc-T
(+T) on Qwen1.5-MoE-A2.7B under varying global
activation budgets. Results are averaged across three
task groups, with the last column showing the average
performance across all budgets.

Method Budget Avg.
64 80 96 112

Uniform 36.70 37.83 38.93 39.30 38.19
+L 37.08 38.21 39.09 39.35 38.43
+T 37.38 38.50 39.06 39.61 38.64
+L +T 37.53 38.59 39.27 39.53 38.73

Table 8: Ablation study of Alloc-L (+L) and Alloc-
T (+T) on OLMoE-1B-7B-0924 under varying global
activation budgets. Results are averaged across three
task groups, with the last column showing the average
performance across all budgets.
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Figure 10: Ablation results of Alloc-L on Qwen1.5-MoE-A2.7B and OLMoE-1B-7B-0924 under varying global
activation budgets. (a–c) report results on Qwen1.5-MoE-A2.7B, while (d–f) correspond to OLMoE-1B-7B-0924.
For each model, (a,d) show NLU tasks, (b,e) Reasoning tasks, and (c,f) Math tasks.

Original Dynamic_MoE NAEE Alloc-T (Ours)
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Figure 11: Ablation results of Alloc-T on Qwen1.5-MoE-A2.7B and OLMoE-1B-7B-0924 under varying global
activation budgets. (a–c) report results on Qwen1.5-MoE-A2.7B, while (d–f) correspond to OLMoE-1B-7B-0924.
For each model, (a,d) show NLU tasks, (b,e) Reasoning tasks, and (c,f) Math tasks.
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Figure 12: (a) Layer-wise allocation of Alloc-MoE on DeepSeek-V2-Lite with Budget = 78, demonstrating a clearly
non-uniform distribution across layers. Earlier layers retain larger expert budgets, while deeper layers operate
with fewer activated experts. (b) Entropy results on the 10-th MoE layer of DeepSeek-V2-Lite. Low-entropy
(high-confidence) tokens retain fewer experts, whereas high-entropy (ambiguous) tokens retain more. Similar
patterns are observed across layers.
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