
■ 1 Additional Method Details
This section introduces the framework of PREP. Specifically, we first
evaluate the layer-wise influence of experts by approximating the out-
put variation induced by each expert. Based on this, we define the
expert importance metric and linearize it, facilitating the efficient eval-
uation of each expert (Section 1.1). Next, we analyze across-layer
importance to assign layer-specific pruning thresholds, paired with
a dynamic loading strategy to balance computational efficiency and
memory usage (Section 1.2). Finally, we introduce a sample reorder-
ing strategy to extend our method to batch inference scenarios (Sec-
tion 1.3).

1.1 Efficient Important Expert Evaluation
1.1.1 Definition of Expert Importance
We define the importance of the 𝑘-th expert in the 𝑙-th MoE layer as
the maximum activation value of its output across all 𝑛 tokens:

𝜎𝑙,𝑘 = max
𝑖∈[𝑛], 𝑗∈[𝑑 ]

[𝐸𝑙,𝑘 (𝑯𝑙)]𝑖, 𝑗 . (1)

This metric bounds potential output variation when pruning experts;
higher values of 𝜎𝑙,𝑘 indicate experts whose removal could cause
significant output changes and should therefore be retained.

To theoretically justify this intuition, we analyze the output vari-
ation from expert pruning. Specifically, the output variation Δ𝒀𝑙 is
decomposed into:

Δ𝒀𝑙 = 𝒀𝑙 − 𝒀̂𝑙 =

𝐾−|𝑆𝑙 |∑︁
𝑘∉𝑆𝑙

[𝐺𝑙 (𝑯𝑙)]𝑘 ⊙ 𝐸𝑙,𝑘 (𝑯𝑙)

+
|𝑆𝑙 |∑︁
𝑘∈𝑆𝑙

( [𝐺𝑙 (𝑯𝑙)]𝑘 − [𝐺′
𝑙 (𝑯𝑙)]𝑘) ⊙ 𝐸𝑙,𝑘 (𝑯𝑙)

≈
𝐾−|𝑆𝑙 |∑︁
𝑘∉𝑆𝑙

[𝐺𝑙 (𝑯𝑙)]𝑘 ⊙ 𝐸𝑙,𝑘 (𝑯𝑙).

(2)

where the pruned routing weights 𝐺′
𝑙
(𝑯𝑙) are re-normalized based on

the original weights. Formally, this can be expressed as:

[𝐺′
𝑙 (𝑯𝑙)]𝑖 =

[𝐺𝑙 (𝑯𝑙)]𝑖∑ |𝑆𝑙 |
𝑗∈𝑆𝑙

[𝐺𝑙 (𝑯𝑙)] 𝑗
, ∀𝑖 ∈ 𝑆𝑙 (3)

Since our pruning strategy effectively identifies critical experts and
allocates a relatively uniform pruning threshold across the most layers,
we approximate

∑ |𝑆𝑙 |
𝑗∈𝑆𝑙

[𝐺𝑙 (𝑯𝑙)] 𝑗 ≈ 1 and [𝐺𝑙 (𝑯𝑙)]𝑘 ≈ [𝐺′
𝑙
(𝑯𝑙)]𝑘 .

This simplifies the term Δ𝒀𝑙 to:

Δ𝒀𝑙 ≈
𝐾−|𝑆𝑙 |∑︁
𝑘∉𝑆𝑙

[𝐺𝑙 (𝑯𝑙)]𝑘 ⊙ 𝐸𝑙,𝑘 (𝑯𝑙). (4)

where the impact of expert pruning on the model’s output is estimated
by the weighted sum of the outputs of the pruned experts. Following
the derivation, we can upper bound the output of the pruned experts
(measured by its second norm) caused by pruning the 𝑘-th expert in
the 𝑙-th layer (i.e., when 𝑘 ∉ 𝑆𝑙) as:

| | [𝐺𝑙 (𝑯𝑙)]𝑘 ⊙ 𝐸𝑙,𝑘 (𝑯𝑙) | |2 ≤ || [𝐺𝑙 (𝑯𝑙)]𝑘 · 𝜎𝑙,𝑘 · 𝑑 | |2, (5)

where 𝑑 represents the feature dimension of the hidden state. There-
fore, we assess the importance of the 𝑘-th expert in the 𝑙-th MoE layer
using 𝜎𝑙,𝑘 , which measures the maximum output perturbation caused
by pruning the expert.

1.1.2 Fast Search of Important Experts
To efficiently evaluate expert importance, we propose a fast search
method that significantly reduces computation cost. Specifically, we
first introduce an alternative of expert importance by applying max
pooling over the hidden states. Next, we linearize the alternative using
a first-order Taylor expansion. Finally, we precompute the Jacobian
matrix for each expert and construct a compact search index, which
supports fast retrieval of the most important experts on the CPU during
inference.

The maximum activation value-based expert importance addition-
ally confers an advantage: it enables efficient computation without
incurring GPU memory overhead. Specifically, the proposed expert
importance introduces an alternative that enables subsequent efficient
CPU-based search through an input compression operation as:

𝜎̃𝑙,𝑘 = max
𝑖∈[𝑛]

[𝐸𝑙,𝑘
(
𝒉𝑙,max

)
]𝑖 , (6)

where 𝒉𝑙,max = max-pool(𝑯𝑙) is the max-pooling over 𝑯𝑙 on feature
dimension. Specifically, we first apply max-pooling to the input and
then compute the final maximum value over the resulting vector. This
approach retains critical input features while enabling fast evaluation
of expert importance based on a compressed input representation.

To enable efficient evaluation of expert importance without heavy
computation, we propose a linear approximation of expert importance
using a first-order Taylor expansion. For an expert module 𝐸𝑙,𝑘 , let
𝒙0 ∈ R𝑑 denote the expansion point. The approximated importance
score 𝜎̃𝑙,𝑘 is derived as:

𝜎̃𝑙,𝑘 ≈ max
𝑗

[
𝐸𝑙,𝑘 (𝒙0) +

(
𝜕𝐸𝑙,𝑘 (𝒙)

𝜕𝒙
|𝒙=𝒙0

)⊤
(𝒉𝑙,max − 𝒙0)

]
𝑗

, (7)

where 𝐸𝑙,𝑘 (𝒙0) is the output of the 𝑘-th expert at the expansion point
𝒙0, and 𝜕𝐸𝑙,𝑘 (𝒙0 )

𝜕𝒙0

⊤
is the first-order gradient (i.e., Jacobian matrix) at

𝒙0. To determine the expansion point 𝒙0, we compute the mean of
the hidden states from each MoE layer on the general-purpose text
corpus, using this value as the Taylor expansion point for each layer.
We evaluate the different expansion points in section 2.4.2.

Building on linearized expert importance, we propose a search-
based method that replaces matrix multiplication for calculating expert
importance on the CPU. In the indexing stage, we compute the Jacobian
matrix 𝜕𝐸𝑙,𝑘 (𝒙0 )

𝜕𝒙0

⊤
for each expert at 𝒙0 and construct a Faiss index [1].

During inference, we treat (𝒉𝑙,max − 𝒙0) as a query vector and perform
a rapid search of the Faiss index to retrieve the top-𝑘 maximum inner
product and their corresponding indices. We use these indices to obtain
the values of 𝐸𝑙,𝑘 (𝒙0) at the corresponding positions, add them to the
retrieved results, and select the maximum value as the importance of
expert.
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Fig. 1 Illustration of Layer-wise Loading of Experts. For each layer, the
highest-importance experts are loaded from CPU or cache to perform the forward pass.

1.1.3 Discussion
A straightforward way to measure expert importance is to sum each
expert’s router scores across all tokens. While this method appears
intuitive, it performs poorly in practice. The key limitation lies in the
fact that different tokens often favor different experts, leading to highly
diverse routing preferences. When these scores are aggregated, the
variation across tokens is smoothed out, making all experts appear
similarly important. As a consequence, most experts appear similarly
important, which weakens the signal required for pruning. As shown
in our empirical analysis (Section 2.4.1), our proposed metric clearly
outperforms such routing weight-based pruning methods.

1.2 Adaptive Layer-wise Expert Loading
A keen reader might wonder how to select 𝜏𝑙 for different layers.
This section further explores across-layer importance to determine the
optimal 𝜏𝑙 and introduces layer-wise expert loading, enabling efficient
dynamic expert pruning.

1.2.1 Across-Layer Importance Analysis
Prior work has established that distinct layers in LLMs serve spe-
cialized functional roles [2, 3]. To enable efficient layer-wise MoE
deployment, we conduct an analysis to determine the importance of
each MoE layer and assign layer-specific thresholds 𝜏𝑙 accordingly.
Inspired by [4], we propose an intuitive metric 𝐼𝑙 for the 𝑙-th layer
importance: the Jensen-Shannon divergence [5] between the model’s
original output distribution 𝑝ori and its modified distribution 𝑝𝑙 when
excluding the 𝑙-th layer as:

𝐼𝑙 = E𝑿∼D

[
1
2
𝐷KL (𝑝ori (𝑿) | |𝑝𝑚 (𝑿)) +

1
2
𝐷KL (𝑝𝑙 (𝑿) | |𝑝𝑚 (𝑿))

]
,

(8)
where 𝑝𝑚 = 1

2 (𝑝ori+𝑝𝑙), 𝑿 is sampled from a specific data distribution
D, 𝐷KL represents the KL divergence.

Accordingly, we distribute the 𝜏𝑙 for different layers, guided by
the layer importance distribution. The layer importance results and
specific 𝜏𝑙 for different MoE LLMs are presented in Section 2.4.4.

1.2.2 Layer-wise Loading of Experts
Previous studies have demonstrated that, with careful scheduling and
design, communication delays between the CPU and GPU do not
become a bottleneck for inference latency [6, 7]. Drawing from this

Algorithm 1: Input-Aware Sample Reordering for Efficient
Batching

1 Input:
• Stream of input samples {𝑋1, 𝑋2, . . .}
• Batch size 𝐵
• Distance threshold 𝛿
Output: Reordered sub-batches G1, G2, . . . each with ≤ 𝐵 samples
Step 1: Collect and Embed Samples
Collect a temporary batch B = {𝑋1, . . . , 𝑋𝐵 }
Compute embeddings H = {ℎ𝑖 = Embed(𝑋𝑖 ) }𝐵𝑖=1
Compute pairwise distances D𝑖 𝑗 = ∥ℎ𝑖 − ℎ 𝑗 ∥2

Step 2: Greedy TSP Ordering
Initialize route R = [arg min𝑖

∑
𝑗 D𝑖 𝑗 ] // start from medoid

while | R | < 𝐵 do
Append arg min

𝑗∉R
DR[−1], 𝑗 to R

end
Step 3: Distance-Constrained Grouping
Initialize G = {}; current = [R[1]]
for 𝑖 = 2 to 𝐵 do

Compute mean distance 𝑑 = 1
|current|

∑
𝑘∈current DR[𝑖 ],𝑘

if 𝑑 ≤ 𝛿 and |current | < 𝐵 then
Append R[𝑖 ] to current

end
else

Append current to G; current = [R[𝑖 ]]
end

end
Append final current to G
return sub-batches G1, G2, . . .

insight, we adopt a layer-wise expert loading strategy to implement
input-aware expert pruning under limited computational resources.

During decoding, each layer dynamically selects the most important
experts based on the input and loads them into the GPU memory, while
offloading other experts to main memory. Leveraging the similarity
of adjacent tokens’ hidden states, we employ an expert cache per layer
with a Least Recently Used (LRU) policy [8] to retain recently active
experts, thereby minimizing delays from frequent memory swaps and
enhancing inference efficiency.

1.3 Batch Inference
The proposed input-aware pruning method is designed to dynamically
tailor expert selection for each individual input. However, this flexibil-
ity poses a challenge in the context of batch inference, where hardware
efficiency typically requires all inputs within a batch to share the same
set of active experts. The constraint can significantly diminish the ef-
fectiveness of input-aware pruning, particularly when the inputs within
a batch are heterogeneous [9]. To address this, we introduce a sample
reordering strategy that enables effective batching without sacrificing
the advantages of input-aware expert selection. The core idea is to
group together inputs with similar hidden state representations, as they
are more likely to activate similar experts. We achieve this by formulat-
ing the sample ordering as a Traveling Salesman Problem (TSP) [10].
In this formulation, each input is a node, and the distance between
nodes is defined by the dissimilarity of their embeddings. The objec-



Table 1 Statistics of the experimental datasets, including the number of samples in
evaluation, the average/maximum/minimum token counts per sample, and their corre-
sponding task fields.

Dataset Sample Avg Tokens Max Tokens Task Field

ARC-easy 2365 59 198 Grade-school Science
ARC-challenge 1165 68 191 Grade-school Science
BoolQ 3270 147 1063 Commonsense
HellaSwag 10042 205 351 Commonsense
MMLU 14327 107 994 Multiple Fields (Math, Law)
WinoGrande 1267 62 93 Commonsense
WikiText2 36718 64 841 Wikipedia Corpus
C4 356317 478 57966 Common Crawl Corpus

tive is to find the shortest path that traverses all nodes, arranging the
inputs in an order of maximum consecutive similarity.

Given the NP-hard complexity of TSP, we adopt an efficient greedy
algorithm [11] to approximate the optimal solution. The algorithm
initializes the sequence with the input sample exhibiting the lowest total
pairwise similarity to other inputs. Subsequently, it iteratively extends
the sequence by appending the unvisited sample that is most similar
to the current final sample in the sequence. This process continues
until all samples are included in the sequence, thereby maximizing
the similarity between successive samples. After constructing the
optimized sequence, we partition it into fixed-size batches based on a
predefined batch size.

■ 2 Additional Experiments Details
To evaluate the effectiveness of PREP, we conduct extensive experi-
ments on benchmark datasets derived from real-world scenarios. Our
investigation primarily focuses on assessing the performance and infer-
ence efficiency of PREP, along with a detailed analysis of the strategies
and components integrated into our method.

2.1 Datasets and Evaluation Metrics
• Datasets
To comprehensively compare the performance of different methods
and validate our findings, we conduct extensive experiments on several
general benchmarks to assess models’ fundamental capabilities. The
general benchmarks include ARC-easy and ARC-challenge (a grade-
school-level multiple-choice science dataset partitioned into Easy and
Challenge Sets, covering basic comprehension and complex inferen-
tial questions respectively) [12], BoolQ (a commonsense Boolean QA
dataset with questions paired with the provided real-world text para-
graphs) [13], HellaSwag (a commonsense inference benchmark cen-
tered on sentence completion tasks with contextually consistent daily
activity endings) [14], MMLU (a university-level multi-disciplinary
benchmark covering 57 fields to evaluate zero-shot reasoning and
cross-domain transfer) [15], and WinoGrande (a large-scale pronoun
resolution dataset designed to test robust commonsense reasoning via
bias-reduced ambiguous contexts) [16]. The evaluation follows the
settings of OpenCompass [17], a widely used LLM evaluation frame-
work. Furthermore, we supplement our evaluation with perplexity
analysis to assess the model’s language modeling capability on the
WikiText2 (a Wikipedia-derived corpus for pre-training and language

modeling tasks) [18] and C4 (a large-scale English corpus from Com-
mon Crawl, filtered for quality and covering diverse web domains) [19]
public datasets. Statistics of the experimental datasets are shown in
Table 1.

• Metrics
The evaluation metrics are used to quantify performance and efficiency:

• Accuracy: Defined as the proportion of correctly predicted
outputs among all test samples, used to evaluate performance on
downstream tasks (ARC-e, ARC-c, BoolQ, HellaSwag, MMLU,
WinoGrande).

• Perplexity (PPL): Measures language modeling quality, with
lower values indicating stronger ability to predict the next token
in a sequence. The formula is given by:

PPL = exp

(
− 1
𝑁

𝑁∑︁
𝑖=1

log 𝑝(𝑥𝑖 |𝑥<𝑖)
)

(9)

where 𝑁 is the total number of tokens in the sequence, and
𝑝(𝑥𝑖 |𝑥<𝑖) is the model’s predicted probability of the 𝑖-th token
given all preceding tokens 𝑥<𝑖 .

• Latency: Quantifies inference efficiency, defined as the time
required to generate one token. It reflects the model’s real-time
response capability during inference.

2.2 Baseline Methods and Settings
• Baselines
We compare our method with the following expert compression base-
lines:

• BSP [20] calculates each expert’s importance score via a pre-
dictor to allocate differentiated weight bit-widths. The predictor
predicts cosine similarity between an MoE block’s input and out-
put, and uses calibration data to compute each block’s average
score for bit allocation.

• Expert Sparsity [21] proposes a post-training approach for ex-
pert pruning: at the layer level, it enumerates all possible expert
combinations and retains the optimal one by minimizing Mean
Squared Error (MSE) loss between the outputs of the original
MoE model and the pruned model.

• EEP [22] is a gradient-free evolutionary pruning strategy for
MoE models. It first designs a parameter space for router map-
ping and expert merging. Subsequently, it searches within these
weight components to preserve the most prominent experts, ex-
tracts knowledge from the pruned experts, and consolidates this
knowledge into the retained ones.

• MC MoE [23] first formulates adaptive bit-width allocation as a
Linear Programming problem via pre-loading mixed-precision
quantization, with the objective function balancing multi-factors
(the activation frequency and the sum of routing weights) that
reflect expert importance.



Table 2 Performance comparison of different methods under varying expert parameter compression ratios. “Params↓” represents the reduction ratio in expert parameters. “Wino.”
is the short format of “Winogrande”. “Average” is the average performance averaged across six benchmarks. The base model serves as the upper limit. The best results are highlighted
in bold.

Model Params↓ Method ARC-e ARC-c BoolQ HellaSwag MMLU Wino. Average%

Mixtral
Instruct

- Base 91.12 81.20 83.98 71.22 63.91 62.45 75.65

25.0%

BSP 83.09 50.52 59.72 42.72 46.46 52.09 55.77 19.8↓
EEP 86.94 73.67 83.43 63.99 49.25 60.24 69.59 6.1↓

MC MoE 84.74 72.19 82.39 56.38 55.01 58.56 68.21 7.4↓
Expert Sparsity 84.21 72.36 85.35 63.83 51.14 59.83 69.45 6.2↓

PREP 90.19 78.63 80.85 71.76 57.92 61.56 73.48 2.2↓

33.3%

BSP 70.32 46.70 54.46 36.96 34.92 48.93 48.72 26.9↓
EEP 83.53 70.38 78.32 61.83 47.46 59.62 67.19 8.5↓

MC MoE 78.27 65.49 76.70 53.80 47.03 56.99 63.05 12.6↓
Expert Sparsity 83.09 68.15 79.79 62.99 48.31 58.49 66.80 8.9↓

PREP 88.54 77.25 78.32 68.93 56.52 57.54 71.18 4.5↓

40.0%

EEP 81.36 68.62 72.04 58.23 43.15 55.36 63.13 12.5↓
MC MoE 75.73 64.38 73.21 44.57 44.77 53.67 59.39 16.3↓

Expert Sparsity 79.32 64.29 79.94 59.33 45.13 58.09 64.35 11.3↓
PREP 87.99 73.73 77.55 67.17 54.74 57.70 69.81 5.8↓

Mixtral

- Base 89.26 72.56 78.45 50.44 66.37 57.81 69.15

25.0%

BSP 76.87 55.49 59.39 34.77 36.32 48.30 51.86 17.3↓
EEP 79.53 64.27 71.84 42.62 50.41 54.23 60.48 8.7↓

MC MoE 78.22 64.72 62.32 42.60 53.80 54.85 59.42 9.7↓
Expert Sparsity 76.79 61.03 68.62 41.68 53.36 54.22 58.28 10.9↓

PREP 85.71 70.82 73.73 46.67 64.09 55.88 66.15 3.0↓

33.3%

BSP 63.68 45.49 56.88 25.19 29.28 34.27 42.47 26.7↓
EEP 74.81 61.83 70.32 37.13 45.16 52.72 57.00 12.2↓

MC MoE 72.11 61.04 64.40 38.23 47.31 51.78 55.81 13.3↓
Expert Sparsity 72.67 58.11 63.98 34.71 48.82 51.38 54.95 14.2↓

PREP 83.25 70.38 71.82 44.49 60.22 56.21 64.40 4.8↓

40.0%

EEP 70.36 60.64 65.04 34.62 43.52 51.75 54.32 14.8↓
MC MoE 64.71 56.64 60.06 26.31 41.74 50.52 50.00 19.2↓

Expert Sparsity 68.67 55.19 62.35 31.63 46.67 50.75 52.54 16.6↓
PREP 82.66 69.27 69.66 42.11 58.23 54.22 62.69 6.5↓

• Settings

For the primary evaluation, we adopt Mixtral 8 × 7B and Mixtral
8 × 7B Instruct [24] as our backbone models. DeepSeek-V2-Lite-
Chat [25] is introduced as an additional backbone to further validate
the effectiveness of our method, with detailed analyses provided in
Section 2.5. Both Mixtral 8 × 7B and Mixtral 8 × 7B Instruct com-
prise 32 transformer layers, where each layer integrates an MoE block
with 8 experts and employs a top-2 expert routing strategy. In contrast
to the Mixtral models (which follow a uniform MoE design across
all layers), DeepSeek-V2-Lite-Chat consists of 27 transformer layers:
the first layer adopts a dense feed-forward network (FNN), while the
subsequent 26 layers incorporate MoE blocks. Each MoE block in
DeepSeek-V2-Lite-Chat includes 2 shared experts and 64 independent
experts, utilizing a top-6 routing strategy. For Perplexity calculation,
we follow [26] and [27] to ensure result reliability: First, 128 samples
are randomly sampled from the test set, and all samples are concate-
nated into a single continuous text. Subsequently, a sliding window
strategy is employed to split the concatenated text into segments, with
a window length of 2048 tokens and a sliding stride of 512 tokens,
ensuring the contextual integrity of the text within each window. Fi-
nally, the model performs autoregressive prediction for each token in
each window, and the final PPL value is computed as the exponen-

tial of the average negative log-likelihood. For Hardware Setup, the
experiments are conducted on NVIDIA 3090 GPU, one of the most
widely used high-end consumer graphics cards. The CPU is an AMD
Ryzen Threadripper 3960X 24-core Processor, featuring 48 logical
CPU cores, with each core supporting 2 threads.

2.3 Main Experimental Results
We present model performance on standard benchmarks (Table 2),
their perplexity on language modeling (Figure 2), and inference latency
across varying input lengths (Figure 3). From the results, we have the
following observations:
1) PREP achieves the best performance, outperforming all base-
lines across all benchmarks. Table 2 shows that PREP achieves
significant improvements over MC MoE and Expert Sparsity. These
gains can be attributed to the reliance of MC MoE and Expert Sparsity
on the C4 calibration dataset for pruning, which limits their general-
ization on downstream tasks. Notably, this phenomenon is particularly
pronounced on MMLU—a benchmark encompassing 57 diverse do-
mains including mathematics, chemistry, and computer science. For
illustration, on the MMLU benchmark using the Mixtral Instruct model
at 33.3% parameter reduction, PREP outperforms MC MoE and Ex-
pert Sparsity by 9.49% and 8.21%, respectively. In contrast, EEP
leverages task-specific pruning by directly optimizing configurations
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Fig. 2 Perplexity results of different methods on WikiText2 and C4 datasets with varying expert parameter compression ratios based on Mixtral 8 × 7B Instruct and Mixtral 8 × 7B.
“Base” denotes the performance of the parameter-uncompressed base model, which is indicated by the gray dashed line in the figure and corresponds to the target perplexity.
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Fig. 3 Inference speed comparison for different input lengths under various parameter
pruning ratios. “Base” denotes the performance of the uncompressed baseline model; note
that the pruning ratio does not apply to Base (as it is unpruned), and Base’s latency is only
affected by input length.

on subsets of each benchmark. However, this strategy yields subop-
timal results and necessitates task-aware adjustments, rendering the
method impractical for real-world deployment.

2) PREP achieves the best performance in natural language mod-
eling, with the lowest perplexity across most datasets. The per-
plexity results for various methods on WikiText2 and C4 are shown in
Figure 2. It can be observed that under different corpus modeling sce-
narios and compressed parameter settings, PREP exhibits performance
closest to the Base model compared to other MoE compression meth-
ods, demonstrating its robustness across diverse conditions. Notably,
on the C4 dataset— which shares distributional similarities with the
pruning-referenced calibration data used in MC MoE and Expert Spar-
sity—our method still outperforms these methods. This highlights that
the proposed method maintains considerable performance even under
in-domain conditions. In contrast, EEP significantly underperforms,
as its pruning results are derived from narrow data subsets.

3) PREP exhibits the latency optimization when modeling inputs
of varying lengths. As shown in Figure 3, our method delivers a 1.2
× inference speedup over the base model. This efficiency gain stems
from two key innovations: 1) a carefully designed expert loading strat-
egy that minimizes redundant overhead, and 2) an effective important
expert evaluation strategy that reduces the computation of redundant
experts. Finally, we evaluate the search time of PREP, which requires
only 0.03 seconds per sample —a negligible cost accounting for less
than 0.5% of total inference time.
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Fig. 4 Performance comparison of different expert evaluation strategies for dynamic
pruning.
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Fig. 5 Evaluation results of different Taylor expansion points for linearized expert im-
portance.

2.4 Analysis Experiments
2.4.1 Validity of Expert Evaluation Strategy
This experiment evaluates the effectiveness of our proposed layer-wise
expert evaluation strategy. In particular, we modify the proposed expert
evaluation strategy with the following variants:

• Random Scoring: Experts are randomly scored for retention.
• Routing Weight-based evaluation: Experts are evaluated based

on their cumulative routing weight contributions.
• Predictor-based evaluation: Experts are evaluated by a trained

predictor. The predictor, consisting of a two-layer Transformer
encoder and two MLP layers, is trained on labels derived from
expert importance rankings with pairwise data augmentation,
using hinge loss as the objective function.

We report the performance on the MMLU and HellaSwag benchmarks,
with expert parameters reduced by 50.0%, 56.7%, and 67.7%, respec-
tively, demonstrating the efficiency of our strategy. We summarize the
results in Figure 4. Our observations are as follows: 1) Determin-
ing the importance of each expert through routing weights and a
trained predictor is challenging, sometimes resulting in worse perfor-
mance than Random Scoring. 2) Performance gaps between baseline



Table 3 Performance comparison between Base and our method under varying expert parameter compression ratios, with Base serving as the upper limit. “Wino.” is the short
format of “Winogrande”. “Average” is the average performance averaged across six benchmarks.

Model Method Params↓ ARC-e ARC-c BoolQ HellaS. MMLU Wino. Average%

DeepSeek

Base 0 80.88 68.24 73.57 65.15 50.20 57.77 65.97

PREP
25.0% 78.04 62.63 71.84 62.45 47.42 54.61 62.83
33.3% 74.84 61.55 70.02 62.96 46.30 51.35 61.17
40.0% 72.13 59.00 68.02 51.59 41.17 52.30 57.36

Table 4 Ablation results on different Faiss Index methods. “Search Time” denotes the
total Faiss search time per layer for computing the importance of each expert.

Params↓ Faiss Index MMLU HellaSwag Search Time

25.0% IndexFlatIP 58.37 71.84 1.09 ×10−2

IndexIVFFlat (Ours) 57.92 71.76 1.36 ×10−3

33.3% IndexFlatIP 56.55 69.07 1.05 ×10−2

IndexIVFFlat (Ours) 56.52 68.93 1.31 ×10−3

40.0% IndexFlatIP 55.60 67.67 1.01 ×10−2

IndexIVFFlat (Ours) 54.74 67.17 1.27 ×10−3

methods and our strategy increase as parameter compression in-
tensifies, exposing fundamental limitations in these variants, namely,
their inability to dynamically identify input-critical experts and inher-
ent robustness deficiencies.

2.4.2 Influence of Taylor Expansion Point
In this subsection, we investigate how the choice of Taylor expansion
point for the linearized expert importance affects overall performance.
Specifically, we explore several variants for selecting different Taylor
expansion points:

• Constant: The expansion point is a constant vector of all ones.
• Gaussian Noise: The expansion point is a random vector drawn

from a Gaussian distribution.
• Cluster Center: The expansion point is the cluster center (k=3)

of the hidden states collected from each layer of the RedPajama
dataset, obtained using the K-means algorithm [28].

Figure 5 shows how different Taylor expansion points affect model
performance across various expert parameter compression ratios on the
MMLU and HellaSwag benchmarks. The results reveal that the mean
of the hidden state as the expansion point yields superior overall
performance. Notably, using the cluster center as the expansion point
leads to suboptimal results. We attribute this to the fact that the cluster
center tends to overfit the calibration set distribution, leading to poor
generalization in downstream benchmarks.

2.4.3 Effects of Faiss Index
To boost search efficiency, we replace the basic IndexFlatIP method,
which does exact searches when building the index, with the faster but
approximate IndexIVFFlat method [29]. We present the performance
and search efficiency of both methods in Table 4.

The results demonstrate that the accelerated index does not sig-
nificantly degrade overall model performance compared to the exact
index, owing to the robust optimization capabilities of the Faiss library
and the discriminative representations of the extracted expert param-
eters. Furthermore, constructing a more efficient Faiss index reduces
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Fig. 6 Layer importance for Mixtral-8×7B Instruct, Mixtral-8×7B Base and DeepSeek-
V2-Lite-Chat. The y-axis represents the importance score of each layer with respect to the
final output, which quantifies the Jensen-Shannon divergence between the final output of
the original model and that of the model with the corresponding layer pruned.

Table 5 Inference speed comparison for different input lengths. Latency128 and
Latency512 represent the latency for input lengths of 128 and 512, respectively. The
best results are marked bold.

Model Method Params↓ Latency128 Latency512

DeepSeek

Base - 0.71 0.82

PREP
25.0% 0.54 0.63
33.3% 0.51 0.61
40.0% 0.49 0.58

the search time to approximately 1.30 × 10−3 seconds, compared to
1.04×10−2 seconds for the exact search, resulting in an 8.0× speedup.

2.4.4 Analysis of Across-Layer Importance
Following the definition of layer importance in Section 1.2, we an-
alyze the importance for Mixtral 8×7B Instruct, Mixtral 8×7B Base
and DeepSeek-V2-Lite-Chat on the RedPajama dataset, as shown in
Figure 6. It can be observed that these models exhibit greater im-
portance in the shallower layers. Notably, DeepSeek-V2-Lite-Chat
shows significantly higher importance in the last two layers, whereas
the Mixtral series models exhibit the opposite pattern. Based on the
importance scores for each MoE layer on the calibration set, we assign
layer-wise expert retention thresholds under a pre-defined expert pa-
rameter compression ratio. For the Mixtral models, we partition their
32 MoE layers into four groups. The number of retained experts across
these groups follows a 2:2:1:1 ratio, with retention thresholds uniformly
assigned across the layers within each group. For the DeepSeek model,
we partition its first 24 MoE layers into four groups, and the remaining
2 MoE layers form an independent fifth group. The number of re-
tained experts across the five groups adheres to a 2:2:1:1:1 ratio, with
retention thresholds evenly distributed among the layers of each group.

2.5 More Analysis on DeepSeek
In this subsection, we apply our hardware-friendly input-aware pruning
method to DeepSeek-V2-Lite-Chat to evaluate its generalizability. It
is important to note that existing pruning methods for MoE LLMs
either do not support the DeepSeek model or have not released
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Fig. 7 Overlap ratio between Top-𝑚 expert sets selected by the exact max-activation
score and its Taylor-linearized Approximation.

corresponding code. For a baseline comparison, we use a uniform
4-bit quantization strategy for each expert and fully load the expert
via Layer-wise Loading of Experts, preserving lossless performance.
In our experiments, we restrict each MoE block to retain at most one
expert, prioritizing minimal memory usage.

Results are reported in Table 5 (latency vs. input length) and Table 3
(accuracy rate performance). From the results, we have the following
observations: 1) The proposal effectively improves inference speed
over the base method. In Table 5, pruning 25.0% of expert parameters
reduces latency by 30.14% for an input length of 128. These results
demonstrate the method’s effectiveness in balancing computational
efficiency and memory constraints. Additionally, inference memory
usage is approximately 4.5GB under this setting. 2) Our method does
not exhibit a significant performance decline compared to the base
method. Table 3 shows that pruning 25.0%, 33.3% and 40.0% of
expert parameters reduces the model’s average performance by 3.14%,
4.80% and 8.61%, respectively. These declines are acceptable, as
dynamic pruning on quantized models inherently introduces additional
performance trade-offs.

2.6 Analysis of Taylor-Linearized Approximation
This section provides a quantitative validation for the Taylor-linearized
approximation used in Section 7 to accelerate expert importance eval-
uation. We randomly sample 100 prompts from MMLU and compute,
at every layer 𝑙, two per-expert importance scores: the exact max-
activation score 𝜎𝑙,𝑘 and its Taylor-linearized counterpart 𝜎̃𝑙,𝑘 for ex-
pert 𝑘 . For a given 𝑚, let 𝑆exact

𝑙
(𝑚) and 𝑆linear

𝑙
(𝑚) denote the sets of

Top-𝑚 experts ranked by 𝜎𝑙,𝑘 and 𝜎̃𝑙,𝑘 , respectively. We then measure
the Top-𝑚 set overlap ratio:

Overlap𝑙 (𝑚) =

��𝑆exact
𝑙

(𝑚) ∩ 𝑆linear
𝑙

(𝑚)
��

𝑚
, (10)

which directly quantifies how many experts selected by the Taylor-
linearized Top-𝑚 are also selected by the exact Top-𝑚.

Figure ?? reports Overlap𝑙 (𝑚) across layers under different com-
pression ratios for both Mixtral 8×7B Instruct and Mixtral. We ob-
serve consistently high overlap across layers and settings, indicating
that Taylor linearization recovers nearly the same Top-𝑚 experts as the
exact max-activation metric. The results empirically support that the
Taylor-linearized approximation preserves expert ranking quality while
substantially reducing the computation required for expert scoring.
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