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Abstract

Pruning is a promising approach to reduce the high inference
cost of large language models (LLMs), but it often comes at
the expense of performance. Motivated by the “functional lo-
calization” theory in neuroscience, we hypothesize that LLMs
contain task-specific expert activation paths, where specific
subsets of neurons are co-activated for particular tasks. This
structure allows selective activation to preserve task perfor-
mance while improving inference efficiency. We introduce
Sparse Expert Activation Pruning (SEAP), a training-free
pruning method for large language models. SEAP identifies
task-relevant activation paths by analyzing the clustering pat-
terns of hidden states and neuron activations on a multi-task
calibration dataset. Cross-task transfer evaluations confirm the
existence of such expert activation structures. SEAP constructs
task-aware pruning masks by leveraging a task-expert calibra-
tion dataset, which provides representative samples across
diverse tasks to reveal their activation signatures. It then em-
ploys a lightweight task router to dynamically select relevant
computation paths based on the input task. This design signifi-
cantly reduces inference cost without compromising accuracy.
Experimental results show that SEAP retains model perfor-
mance with only a 1.5% drop on most tasks at 20% sparsity,
and at 50% sparsity, it surpasses strong pruning baselines such
as WandA and FLAP by over 20%. These results highlight
SEAP as a scalable and effective solution for efficient LLM
inference.

Code — https://github.com/IAAR-Shanghai/SEAP

Introduction
Large Language Models (LLMs) have achieved remarkable
success across a wide spectrum of natural language process-
ing (NLP) tasks (Zhao et al. 2024; Zheng et al. 2025), demon-
strating their versatility and adaptability in diverse applica-
tions. However, their deployment in real-world scenarios
remains a significant challenge due to the substantial com-
putational demands during inference. The inference process
of LLMs is constrained by memory bandwidth and hardware
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limitations (Chavan et al. 2024), making efficient deploy-
ment particularly difficult, especially in resource-constrained
environments such as real-time systems and edge comput-
ing. As LLMs continue to scale, these challenges become
even more pronounced, necessitating novel approaches to
optimize computational efficiency while preserving model
performance.

To mitigate the computational overhead of LLMs, sev-
eral techniques have been explored. Quantization methods
(Bai et al. 2021; Frantar et al. 2023) reduce weight preci-
sion, while Mixture of Experts (MoE) architectures (Shazeer
et al. 2017; Lepikhin et al. 2020; Fedus, Zoph, and Shazeer
2022) dynamically activate only subsets of the network to
improve efficiency. Another widely adopted approach is prun-
ing (Frantar and Alistarh 2023; Ma, Fang, and Wang 2023;
Liu et al. 2024), which removes redundant parameters, neu-
rons, or connections to reduce inference costs and storage re-
quirements. Despite the effectiveness of pruning in reducing
model complexity, most existing methods are static, relying
on activation distributions collected from general datasets
such as WikiText-2 (Merity et al. 2016) and C4 (Raffel et al.
2020). Although recent work has begun to examine the im-
pact of different calibration datasets (Bandari et al. 2024),
these methods still adopt a uniform pruning strategy across
all tasks, which may lead to suboptimal efficiency and fail to
fully leverage task-specific knowledge requirements.

Motivation Inspired by the theory of functional localiza-
tion in cognitive neuroscience—which suggests different
brain regions are selectively activated based on task de-
mands (Brett, Johnsrude, and Owen 2002; Mesulam 2000;
Li et al. 2022)—we hypothesize that LLMs exhibit a similar
mechanism: different tasks activate distinct neuron subsets,
forming task-specific computational pathways. This suggests
that pruning should be dynamic and task-aware, rather than
static and uniform, as traditional methods often overlook task-
specific parameter dependencies. We propose a task-aware
sparsification strategy that dynamically selects relevant neu-
rons based on input characteristics, enabling more efficient
pruning with minimal performance loss.

To validate this hypothesis, we conduct a multi-task exper-
iment on 12 representative benchmarks covering code gener-
ation, mathematical reasoning, language modeling, common-
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Figure 1: Visualization of hidden states h(P ) from different tasks. Each point represents the activation of a hidden state in the
model for a specific task. The clustering patterns illustrate how tasks with similar requirements tend to activate similar regions in
the model. Tasks of the same type are shown in similar colors, highlighting their representational proximity.

sense reasoning, textual inference, and QA. For each task, we
input curated question-answer pairs into LLaMA2-7B and
extract hidden states across layers. As shown in Figure 1, task
representations are initially entangled but become increas-
ingly clustered at deeper layers, revealing task-dependent
activation partitioning.

Our analysis shows that tasks occupy distinct regions in the
hidden state space, with activations encoding task-specific
information—mirroring functional specialization in the hu-
man brain. We propose that leveraging these patterns for
dynamic parameter selection during inference enables effi-
cient computation with minimal loss in performance. This
task-adaptive pruning paradigm offers a promising alterna-
tive to static sparsity, enabling more efficient and specialized
LLM deployment.

Contributions Our key contributions are:
• We analyze task-specific activation patterns in LLMs. Vi-

sualization and cross-task transfer experiments reveal a
strong correlation between task types and hidden state
distributions, offering new insights into data-driven, task-
aware sparsification.

• We propose SEAP, a training-free, task-adaptive prun-
ing method. It identifies key activation paths using task-
specific data and employs a lightweight router to dynami-
cally select relevant parameters. A retention-based spar-
sity function distributes pruning ratios across layers based
on their relative importance.

• Experiments show that SEAP consistently outperforms
strong baselines in task accuracy, storage efficiency, and
inference speed. It preserves full performance under low
sparsity and remains robust at high sparsity, validating its
effectiveness for efficient LLM deployment.

Method
Overview of SEAP
Building on the insights from Section Motivation, we propose
Sparse Expert Activation Pruning (SEAP), a training-free

and task-adaptive pruning framework for LLMs. SEAP se-
lectively activates task-relevant neurons during inference by
leveraging activation patterns derived from expert calibration
data, reducing computational cost without compromising per-
formance. As illustrated in Figure 2, SEAP comprises the
following five stages:

1. Expert Calibration Dataset Construction: For each task
type (e.g., mathematical reasoning, code generation, com-
monsense QA), we construct a task-specific calibration
dataset containing representative input formats to activate
relevant model behavior.

2. Activation Pattern Modeling: We forward the expert
calibration data through the LLM and extract hidden state
activations across multiple layers. This reveals neuron re-
sponse patterns that characterize task-specific activation.

3. Neuron Importance Scoring: Based on statistics such
as mean, variance, and ℓ2 norm of neuron activations, we
compute task-aware importance scores that quantify the
relevance of each neuron to the task.

4. Dynamic Sparsity Allocation: We introduce a retention-
based metric to evaluate the impact of pruning each layer
under varying sparsity levels. This informs a dynamic
allocation of pruning ratios across layers to preserve task-
critical neurons while maximizing overall sparsity.

5. Expert Pruning and Routing: Using the computed
scores, we generate a pruning mask tailored to each task.
During inference, a lightweight task router predicts the
task type and selects the corresponding expert mask, en-
abling efficient and adaptive execution.

Activation Patterns Modeling
To validate the feasibility of task-specific expert pruning,
we analyze whether the hidden state activations of LLMs
exhibit two key properties: (1) intra-task consistency and (2)
inter-task differentiation. The presence of both properties is
essential for enabling effective pruning based on task-aware
neuron selection.
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Figure 2: Framework of the SEAP approach. Left: Motivation Discovery, where task-specific activations are identified. Right:
Training-free Sparse Expert Activation Pruning pipeline (see Section Method).

Formally, let τ denote a task type and pi a specific prompt
sampled from task τ . For each prompt, we extract its hidden
state vector from a particular layer of the model, defined as:

h(pi)
τ =

[
h1(pi)

τ , h2(pi)
τ , . . . , hC(pi)

τ
]
,

Hτ = {h(p1)τ , . . . , h(pnτ
)τ} ,

(1)

where C is the dimensionality of the hidden state, and Hτ

denotes the set of hidden states for all nτ prompts under task
τ . This formulation enables us to statistically analyze how
each hidden dimension responds across different prompts
and tasks, which forms the foundation for identifying task-
relevant neurons and pruning patterns.

To better quantify how each hidden dimension (or neu-
ron channel) responds under different tasks, we compute the
following statistics from the activation vectors. These mea-
sures capture the central tendency, variability, and energy of
activations across task-specific prompts.

Let hτ
j = [hj(p1)

τ , hj(p2)
τ , . . . , hj(pnτ )

τ ]⊤ ∈ Rnτ de-
note the activation values of dimension j under task τ . Then,
the statistics are defined as:

µτ
j =

1

nτ

nτ∑
i=1

hj(pi)
τ =

1

nτ
· 1⊤hτ

j , (2)

στ
j =

√∑nτ

i=1

(
hj(pi)τ − µτ

j

)2
nτ

=

∥∥hτ
j − µτ

j1
∥∥
2√

nτ
,

(3)

∥hτ
j ∥2 =

1

nτ
·
∥∥hτ

j

∥∥
2
=

√∑nτ

i=1 (hj(pi)τ )
2

nτ
. (4)

Figure 3 visualizes the dimension-wise normalized ℓ2 acti-
vations

∥∥hτ
j

∥∥
2

after the attention and normalization modules,

which serve as inputs to the MLP layers. To ensure compa-
rability across tasks, the activations are standardized using
z-score normalization.

Columns represent hidden dimensions and rows denote
model layers. Brighter regions indicate stronger ℓ2 activa-
tions. Datasets from the same task show consistent high-
activation dimensions, indicating stable intra-task activation
patterns. Semantically different tasks activate distinct di-
mensions, suggesting reliance on different neural subspaces.
These patterns support our view that similar tasks share acti-
vation dimensions, while dissimilar tasks

Furthermore, consider the weight matrix W ∈ RA×C

that applies a linear transformation to the hidden state. We
conceptualize W as consisting of C column “slices,” where
each slice wi ∈ RA corresponds to the i-th dimension in the
input hidden state. If a particular dimension i is consistently
unimportant for a given task τ , then its associated column
wi can be pruned—thereby reducing computation without
sacrificing essential features.

Formally, for a prompt pi from task τ , the output o ∈ RA

of a linear layer is computed as:

o = W h(pi)
τ =

C∑
j=1

hj(pi)
τ ·wj =

C∑
j=1

hj(pi)
τ


w1,j

w2,j

...
wA,j

 ,

(5)

where each wj ∈ RA is the j-th column of the weight matrix
W , representing how the j-th hidden dimension contributes
to all output neurons. The scalar activation hj(pi)

τ scales the
full column wj , and the total output is the sum of these con-
tributions across all C dimensions. Here, wa,i is the weight
linking the i-th hidden dimension to the a-th output unit.
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Figure 3: Heatmaps of normalized dimension-wise ℓ2 activations after the attention and normalization modules, representing the
inputs to the MLP layers. Each row corresponds to a layer, and each column represents a hidden dimension. The top and bottom
parts show two datasets under the same task category. Despite differences in dataset sources, tasks of the same type exhibit
consistent activation patterns, highlighting task-specific neuron selectivity and supporting the feasibility of expert-based pruning.
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Figure 4: Illustration of how neurons are pruned based on
importance scores.

If dimension i is deemed unimportant for task τ , we zero
out the entire column {w1,i, w2,i, . . . , wA,i} (see Figure 4),
resulting in a form of structured sparsity that is hardware-
friendly for inference acceleration.

In summary, by identifying and pruning inactive or low-
importance dimensions on a per-task basis, we can achieve
task-adaptive compression.

Task-Aware Pruning Procedure
As mentioned, the next step is to prune neurons based on
their task-specific importance scores. For each neuron i in
layer ℓ under task τ , we compute an importance score s

(ℓ,τ)
i

using a function f(·), which integrates activation statistics
and the associated weight vector:

s
(ℓ,τ)
i = f

(
µ
(ℓ,τ)
i , σ

(ℓ,τ)
i , ∥h(ℓ,τ)

i ∥2, w
(ℓ)
i

)
, (6)

where µ
(ℓ,τ)
i and σ

(ℓ,τ)
i denote the mean and standard de-

viation of activations for neuron i in layer ℓ under task τ ;

∥h(ℓ,τ)
i ∥2 represents the average ℓ2 norm of its activations,

and ∥w(ℓ)
i ∥ is the ℓ2-norm of the corresponding weight vec-

tor.

The function f represents an abstract scoring space that
can instantiate a variety of importance heuristics. In this work,
we explore two representative training-free scoring strategies.

The first follows the design in FLAP (An et al. 2024),
which defines the importance of a neuron as the product of
its activation variance and the squared ℓ2-norm of its weight
vector:

s
(ℓ,τ)
F,i =

(
σ
(ℓ,τ)
i

)2 · ∥∥w(ℓ)
i

∥∥2
2
. (7)

This formulation favors neurons whose responses fluctuate
more across different prompts and whose corresponding pa-
rameters are large in magnitude.

The second scoring strategy draws from WandA (Sun et al.
2024), which replaces the variance with the total activation
energy (i.e., squared ℓ2-norm of neuron activations), and
scales it using the ℓ1-norm of the associated weight vector:

s
(ℓ,τ)
W,i =

∥∥h(ℓ,τ)
i

∥∥2
2
·
∥∥w(ℓ)

i

∥∥
1
. (8)

This variant emphasizes neurons that consistently exhibit
strong responses and incorporates weight magnitude to guide
sparsity selection.

In MLP layers, each neuron i corresponds to a single acti-
vation channel. In attention modules, we aggregate scores at
the head level. If attention head h covers a dimension set Ih,
its overall importance is computed by summing the scores
of the corresponding neurons: s(ℓ,τ)h =

∑
i∈Ih

s
(ℓ,τ)
i . In at-

tention modules, pruning is performed at the head level by
aggregating neuron scores across the dimensions that com-
pose each head.

Once the absolute importance scores |s(ℓ,τ)i | of all C neu-
rons in layer ℓ are obtained, we sort them and identify the
pruning threshold as follows:

θ(ℓ,τ) = Sort
(∣∣s(ℓ,τ)1

∣∣, ∣∣s(ℓ,τ)2

∣∣, . . . , ∣∣s(ℓ,τ)C

∣∣)[⌊ρ·C⌋
]
, (9)

where ρ ∈ [0, 1] is the desired sparsity ratio, and ⌊·⌋ denotes
the floor function.

31937



All neurons whose importance is below or equal to this
threshold are pruned by zeroing their associated weights:

w
(ℓ)
i =

{
0, if

∣∣s(ℓ,τ)i

∣∣ ≤ θ(ℓ,τ),

w
(ℓ)
i , otherwise.

(10)

Here, w(ℓ)
i is the weight vector corresponding to neuron i in

layer ℓ, and setting it to zero effectively disables the neuron.

Expert Pruning Strategy
We propose a task-driven pruning strategy, Expert Pruning,
which leverages task-specific importance scores to dynam-
ically sparsify neurons and attention heads. We organize
tasks into five broad capability categories, inspired by the
basic abilities of LLMs as outlined in (Zhao et al. 2024),
and described in Section Motivation. code generation (Hu-
manEval, MBPP), math reasoning (GSM8K, MathQA), com-
monsense reasoning (PIQA, Winogrande, HellaSwag), tex-
tual reasoning (BoolQ, RACE), and knowledge-based QA
(ARC-C, ARC-E, OBQA). To better capture the semantic
and structural diversity of each category, we expand their
datasets with various prompting formats, including zero-shot,
chain-of-thought (CoT), in-context learning (ICL), and QA
pairs. These enhanced corpora are used for activation pat-
tern extraction and importance score computation. Each neu-
ron i in layer ℓ is assigned a task-specific importance score
s
(ℓ)
i = s

(ℓ,τchosen)
i , where τchosen is the task type predicted by

a lightweight router. This router is a 5-way MLP classifier
trained on the calibration set to infer the task type from the
input’s initial hidden states. Importantly, downstream tasks
are not required to explicitly fall into the five predefined cat-
egories. The router predicts the most suitable expert based
on the input’s internal representation, enabling automatic and
flexible task-to-expert mapping without manual categoriza-
tion.

Retention-Based Sparsity Strategy
To enable adaptive sparsification across layers, we propose a
retention-based strategy that assigns layerwise sparsity based
on functional importance. Rather than pruning uniformly,
we simulate structured pruning at different sparsity levels to
evaluate each layer’s contribution.

For each layer ℓ, we prune it at multiple ratios R =

{0.1, 0.2, . . . , 1.0} and compare the resulting output y(r)ℓ to
the unpruned output yref using cosine similarity, defined as
sim(y, yref) = y·yref

∥y∥·∥yref∥ . The retention score is then com-

puted as Retℓ = 1
|R|

∑
r∈R sim(y

(r)
ℓ , yref), and the corre-

sponding importance score as Impℓ = 1− Retℓ.
We normalize Impℓ across unprotected layers to produce

the final sparsity profile {ρℓ} under the global constraint
1
L

∑L
ℓ=1 ρℓ = G. As illustrated in Figure 5, early layers in

LLaMA2-7B show lower retention scores under pruning, in-
dicating higher sensitivity and functional importance.Notably,
this finding aligns with conclusions from LLM-Pruner (Ma,
Fang, and Wang 2023) and FLAP (An et al. 2024), both of
which emphasize that layers near the output are crucial for
maintaining language modeling capability.

Algorithm 1: Retention-Based Layerwise Sparsity Assign-
ment
Require: model M , text set T , sparsity ratios R, target sparsity G,

total layers L
1: Encode T using M , cache {Hℓ}Lℓ=0

2: Get reference output yref from M(T )
3: for each layer ℓ = 1 to L do
4: for each r ∈ R do
5: Prune layer ℓ at ratio r

6: Forward from ℓ to L using Hℓ, get y(ℓ,r)

7: Compute y(ℓ,r)·yref

∥y(ℓ,r)∥·∥yref∥
8: end for
9: Sℓ = mean of similarities, Iℓ = 1− Sℓ

10: end for
11: Normalize {Iℓ} to get {ρℓ} s.t. 1

L

∑
ρℓ = G

12: return {ρℓ}Lℓ=1

Figure 5: Retention rates of LLaMA2-7B layers under differ-
ent pruning ratios. Each curve shows output similarity to the
full model, indicating retention capacity for sparsity alloca-
tion.

Experiment and Results Analysis
Experimental Settings
LLMs and Tasks We evaluate our method on dense mod-
els such as LLaMA2-7B and 13B. Our evaluation covers
ten downstream tasks. Multiple-choice benchmarks include
BoolQ, RACE, ARC-Easy, ARC-Challenge, HellaSwag,
OBQA, PiQA, Winogrande, and MathQA. Generation
tasks include GSM8K, and MBPP. Accuracy and pass@1
are used for classification and code generation, respectively.
All tasks are evaluated in the zero-shot setting using the
EleutherAI LM Harness (Gao et al. 2024).

Baselines We compare our method to the original (dense)
models and two training-free sparsification methods: FLAP
and WandA-sp. WandA-sp is a structured variant of WandA
that applies uniform layerwise pruning. The importance
scores are computed using FLAP’s sF and WandA’s sW
formulas, respectively.
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Ratio Method Wino HSwag PIQA OBQA ARC-c ARC-e BoolQ RACE MathQA Avg

LLaMA2-7B
0% Dense 69.06 76.03 79.12 44.20 46.24 74.54 77.74 39.62 28.17 59.41

WandA-sp (sW ) 65.04 68.26 74.21 39.60 37.71 65.57 66.67 32.82 23.58 52.61
FLAP (sF ) 64.01 69.38 74.97 37.20 38.65 64.01 68.84 33.97 24.25 52.81
SEAP (sW ) 67.88 74.84 78.12 44.00 44.36 71.97 76.87 38.09 28.41 57.88

20%

SEAP (sF ) 68.76 75.17 78.18 43.40 44.88 72.62 77.22 37.99 28.48 58.52
WandA-sp (sW ) 55.72 58.93 70.24 33.80 31.91 52.86 50.58 26.31 22.75 44.79
FLAP (sF ) 61.96 59.90 70.08 33.80 33.10 54.50 57.16 31.67 22.71 47.21
SEAP (sW ) 66.30 69.86 76.28 42.80 43.17 67.80 71.50 36.07 27.54 55.70

30%

SEAP (sF ) 66.93 70.75 76.33 42.20 43.17 68.06 69.82 36.07 27.17 55.61
WandA-sp (sW ) 50.04 28.89 53.48 26.20 23.63 28.99 40.58 23.64 20.40 32.87
FLAP (sF ) 52.09 30.15 53.97 28.00 25.08 28.37 53.61 24.40 21.68 35.26
SEAP (sW ) 53.04 54.39 70.13 35.80 36.95 54.25 59.17 31.87 24.79 46.71

50%

SEAP (sF ) 54.14 54.00 68.66 38.20 37.20 53.45 60.24 31.67 25.23 46.98
LLaMA2-13B

0% Dense 72.22 79.37 80.52 45.20 49.06 77.53 80.55 40.48 31.79 61.86
WandA-sp (sW ) 64.96 75.86 73.61 40.40 40.70 66.62 72.50 35.42 25.76 55.09
FLAP (sF ) 65.75 72.54 74.32 41.20 39.76 64.35 72.01 36.27 27.30 54.83
SEAP (sW ) 69.85 77.50 79.92 44.60 47.78 75.88 78.23 37.58 30.72 60.23

20%

SEAP (sF ) 69.38 77.69 78.56 44.40 48.21 76.09 79.79 36.36 31.29 60.17
WandA-sp (sW ) 62.27 66.73 70.19 37.40 35.62 63.13 64.25 30.41 22.44 50.27
FLAP (sF ) 62.50 68.14 69.86 36.50 34.71 62.71 63.67 29.59 22.41 50.01
SEAP (sW ) 67.32 75.57 78.07 41.80 46.75 71.80 71.68 33.42 27.07 57.05

30%

SEAP (sF ) 66.77 75.81 77.74 41.60 47.26 71.68 71.62 34.07 33.49 57.78
WandA-sp (sW ) 53.22 50.49 64.51 27.50 23.84 34.28 57.88 25.77 21.54 39.89
FLAP (sF ) 54.41 51.28 59.60 29.60 27.75 30.31 55.62 26.85 21.70 39.68
SEAP (sW ) 59.05 68.64 71.62 34.20 37.46 56.33 66.73 31.05 24.55 49.96

50%

SEAP (sF ) 61.16 68.03 70.31 37.20 37.20 57.45 65.44 31.67 24.62 50.34

Table 1: Task performance accuracy (%) on LLaMA2-7B and LLaMA2-13B under different pruning ratios. Bold and underlined
entries highlight the top two scores.

Ratio Method GSM8K MBPP Avg

LLaMA2-7B
0% Dense 14.10 23.20 18.65

FLAP (sF ) 1.81 1.20 1.5120%
SEAP (sF ) 8.87 16.60 12.74

LLaMA2-13B
0% Dense 23.50 27.20 26.35

FLAP (sF ) 5.91 10.60 8.2620%
SEAP (sF ) 16.75 13.60 15.18

Table 2: Results on GSM8K (accuracy) and MBPP (pass@1) un-
der 20% pruning. Rows with gray background denote our SEAP
methods.

Results and Analysis
Multiple-Choice Tasks We evaluate SEAP on a suite of
multiple-choice benchmarks, demonstrating its ability to re-
duce computational cost while retaining accuracy. As shown
in Table 1, for both LLaMA2-7B and 13B, SEAP outper-
forms WandA-sp and FLAP under 20% pruning, with only a

1.5% drop from the dense model. At 50% pruning, SEAP’s
advantage grows further, outperforming both baselines by
over 20% on average, showing robustness under high sparsity.

Generation Tasks We evaluate SEAP on GSM8K and
MBPP, two challenging generation tasks requiring strong
mathematical reasoning and code synthesis capabilities.
While all methods experience noticeable performance degra-
dation under pruning, SEAP retains 68.3% of the original
performance on GSM8K with the 7B model—whereas FLAP
almost completely loses its ability to handle math-related
generation. These results underscore the importance of evalu-
ating pruning methods beyond multiple-choice benchmarks,
especially in scenarios requiring complex generation and
reasoning, as shown in Table 2.

Cross-Task Transfer Evaluation We evaluate the transfer-
ability of calibration sources via a cross-task transfer experi-
ment, where each of the 14 datasets (e.g., GSM8K, MBPP,
PIQA) is used individually as the sole calibration source for
pruning. The pruned model is evaluated on all other down-
stream tasks, excluding C4 and WikiText2 to avoid distribu-

31939



tional overlap. For each target task, we report the relative
performance drop compared to its best-performing calibra-
tion source.

We observe that calibration datasets from the same task
category as the target generally lead to smaller performance
degradation, indicating stronger intra-category transferabil-
ity and supporting the expert pruning hypothesis. In several
cases, pruning with a related dataset matches or even sur-
passes the performance achieved using the target dataset
itself, suggesting that task type plays a more critical role than
dataset identity in effective calibration.

Inference Speed SEAP completes task-specific importance
scoring and mask generation for Llama-2-7B within 5 min-
utes on a single NVIDIA H800 (80GB) GPU. As shown in
Table 3, SEAP delivers significantly faster inference than
unstructured pruning baselines like WandA. While slightly
slower than FLAP at 20% sparsity, SEAP achieves compa-
rable speed at 50% sparsity with minimal overhead. These
results confirm SEAP’s efficiency and suitability for practical
deployment across diverse hardware platforms.

Ratio Method LLaMA2-7B LLaMA2-13B
Tok/s Up Tok/s Up

0% Dense 31.88 27.45

20%
WandA 32.05 ×1.01 28.01 ×1.02
FLAP 38.90 ×1.22 33.96 ×1.24
SEAP 37.32 ×1.17 33.02 ×1.20

50%
WandA 31.24 ×0.98 27.01 ×0.98
FLAP 47.94 ×1.50 43.45 ×1.58
SEAP 47.10 ×1.48 41.78 ×1.52

Table 3: Inference speed (tokens/s) and speedup at different
pruning ratios. Higher is better.

Sparsity Setting Comparison As shown in Table 4, we
compare three pruning strategies: Uniform Layerwise (UL),
Adaptive Layerwise (AL) from FLAP, and our proposed
Retention-Based (RB) method. At both 20% and 50% prun-
ing ratios, SEAP with RB achieves higher multiple-choice
accuracy than WandA-sp and FLAP. This demonstrates that
RB enables more balanced sparsity allocation across layers,
better preserves critical computation paths, and improves
overall performance.

Related Works
The computational cost and inference time of LLMs impact
deployment. Researchers have addressed these challenges
through model compression(Michel, Levy, and Neubig 2019;
Yao et al. 2022; Lin et al. 2024), quantization(Bai et al. 2021;
Frantar et al. 2023), structural modifications(Gu and Dao
2023; Peng et al. 2023), and optimized decoding. Sparsifi-
cation has become a key technique, including Mixture of
Experts (MoE) (Shazeer et al. 2017), which activates subsets
of the network to improve efficiency while maintaining per-
formance (Lewis et al. 2021; Lepikhin et al. 2020; Zhang
et al. 2022).

Ratio Method Set. Avg. Set. Avg.

LLaMA2-7B
0% Dense – 59.41 – 59.41

20%
WandA-sp UL 52.61 RB 53.00
FLAP AL 52.81 RB 54.51
SEAP (sF ) UL 56.54 RB 58.52

50%
WandA-sp UL 32.87 RB 34.50
FLAP AL 35.26 RB 38.88
SEAP (sF ) UL 43.17 RB 46.98

Table 4: Comparison of sparsity strategies on LLaMA2-7B.
UL = Uniform, AL = Adaptive, RB = Retention-Based.

Pruning is another effective sparsification technique for
reducing computational and memory costs, categorized into
unstructured, structured, and activation pruning. Unstruc-
tured Pruning, which sparsifies individual weights but can
hinder hardware efficiency. Examples include SparseGPT
(Frantar and Alistarh 2023) and WandA (Sun et al. 2024).
Structured Pruning, which prunes entire units like chan-
nels or attention heads for improved hardware efficiency
and inference speed, with methods like Bonsai (Dery et al.
2024), QPruner (Zhou et al. 2024), LLM-Pruner (Ma, Fang,
and Wang 2023), FLAP (An et al. 2024), and Depth2 (Li,
Dong, and Lei 2024). Activation Pruning sparsifies network
activations, reducing memory bandwidth during inference.
Activation functions like SiLU and GeLU (Mirzadeh et al.
2023), and variants like dReLU (Song et al. 2024b), ReGLU
(Raffel et al. 2020), and RELU2 (So et al. 2021; Zhang et al.
2024) help reduce computational load. Methods like TEAL
(Liu et al. 2024), CATS (Lee et al. 2024), SCAP (Chua, Pan,
and Jain 2024), QSparse (Wang et al. 2024), and ProSparse
(Song et al. 2024a) achieve pruning.

Conclusion

We propose SEAP (Sparse Expert Activation Pruning), a
training-free and task-adaptive pruning framework for large
language models. Inspired by functional specialization in cog-
nitive neuroscience, SEAP reveals that different tasks activate
distinct neuron subsets in LLMs. By constructing expert cali-
bration data and modeling task-specific activation patterns,
SEAP identifies relevant neurons for each task and generates
corresponding pruning masks. A lightweight router enables
dynamic selection of expert paths at inference time, support-
ing efficient and adaptive computation. Moreover, we intro-
duce a retention-based sparsity strategy to allocate pruning
ratios across layers based on their functional importance. Ex-
periments demonstrate that SEAP consistently outperforms
strong baselines in both accuracy and efficiency. On multiple-
choice benchmarks, it preserves nearly full performance at
20% sparsity and exceeds FLAP and WandA by over 20%
on average at 50% sparsity. These results validate SEAP’s ef-
fectiveness in enabling structured, hardware-friendly sparsifi-
cation with minimal performance loss, making it a promising
solution for scalable, real-world LLM deployment.
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