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Abstract

Structured pruning of large language models
provides a practical route to inference accel-
eration on standard hardware, but most exist-
ing methods rely on neuron importance criteria
that compress activation behavior into static
scalar scores, discarding the sequential struc-
ture of activations. We propose TADP (Tempo-
ral Activation Dynamics Pruning), a structured
pruning method that models neuron importance
along the temporal dimension of activations by
jointly capturing mean activation, peak acti-
vation, positional variance, transition dynam-
ics, and position-weighted response within a
unified scoring framework. TADP requires
no gradient computation or weight updates
and performs pruning in a single forward pass
over a calibration dataset, making it zero-shot
and computationally lightweight. We evaluate
TADP on eight models from the LLaMA, Mis-
tral, Qwen, and Minerva families at 3B and
7B/8B scale, under pruning levels from 10%
to 50%, measuring perplexity on WikiText-2
and zero-shot accuracy on ARC, HellaSwag,
MMLU, and PIQA.

1 Introduction

The widespread use of large language models
(LLMs) (Brown et al., 2020; Touvron et al.,
2023a,b) in real-world applications has made infer-
ence efficiency a central concern, especially when
deployment targets resource-constrained computa-
tional platforms such as edge devices. This is par-
ticularly relevant in scenarios where low-latency,
privacy-preserving, or intermittently connected op-
eration is required, motivating on-device inference.
Representative edge applications include smart
assistants running on mobile phones for offline
query answering and text generation, industrial
IoT systems enabling natural-language interaction
with machinery diagnostics, autonomous or semi-
autonomous vehicles supporting in-vehicle conver-
sational agents for navigation and system status
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Figure 1: TADP Overview. A calibration corpus is
processed through the frozen transformer in a single for-
ward pass, one batch at a time (orange, blue, and yellow
rows denote different sequences). For each FFN layer,
TADP records the per-position input activations, where
color intensity indicates neuron activation strength at
each token position. The method preserves the tem-
poral structure across positions and batches to extract
aggregated neuron activations. Neurons with the lowest
scores are pruned (grey).

queries, and wearable devices providing context-
aware assistance such as real-time transcription or
health-related guidance. In all these cases, reliance
on cloud-based inference is either impractical or
undesirable due to bandwidth limitations, latency
constraints, or privacy considerations.

Several compression strategies have been pro-
posed to address the computational demands of
LLM inference, including quantization, knowledge
distillation, and structured pruning. Quantization
(Frantar et al., 2023; Dettmers et al., 2022; Xiao
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et al., 2023) reduces numerical precision while pre-
serving the original parameter count, typically re-
lying on low-precision hardware support to trans-
late compression into substantial inference accel-
eration. Similarly, knowledge distillation (Hinton
etal., 2015; Gu et al., 2024) relies on training a sep-
arate, smaller model, which typically requires sub-
stantial data and computational resources. In con-
trast, structured pruning has emerged as a practi-
cal solution for reducing computational cost, since
it produces dense models with smaller hidden or
intermediate dimensions that run faster on stan-
dard hardware without requiring specialized sparse
kernels. However, structured pruning inevitably
alters the internal representations learned during
pre-training, making the design of effective neuron
importance criteria crucial for preserving down-
stream performance.

Most existing pruning methods estimate neuron
importance through static scalar metrics derived
from weight magnitudes, activation statistics, or
sensitivity estimates aggregated over a calibration
corpus (Sun et al., 2023; Ma et al., 2023; Ashkboos
et al., 2024; Frantar and Alistarh, 2023; Puglisi
et al., 2026). While effective, these approaches col-
lapse the sequential activation behaviour of neurons
into a single aggregated value, ignoring how neuron
responses evolve across token positions within a se-
quence. Transformer activations are highly context-
dependent, and neurons often exhibit selective be-
haviour that emerges only at specific positions or
linguistic contexts. As a result, neurons with mod-
erate average activation but strong position-specific
responses may be systematically underestimated by
static criteria. These observations suggest that neu-
ron importance should account not only for activa-
tion magnitude, but also for the temporal dynamics
of activations across token positions in autoregres-
sive generation.

In addition, removing structural components
from a trained model generally degrades its internal
representations, as the correlations learned during
pre-training among attention heads, MLP neurons,
and surrounding weight matrices are disrupted, po-
tentially leading to a significant drop in predictive
accuracy. To mitigate this issue, several recent
approaches incorporate a parameter-efficient adap-
tation stage, most commonly based on LoRA (Hu
et al., 2022), after structural reduction. This stage
involves gradient-based optimization over a calibra-
tion or training corpus, introducing an additional
fine-tuning step beyond pruning.

In this paper, we propose Temporal Activa-
tion Dynamics Pruning (TADP)!, a structured
pruning method that operates through a single
backpropagation-free calibration pass over a small
corpus, without gradient computation, weight up-
dates or any kind of post-pruning adaptation. Fig-
ure 1 illustrates a high-level overview of the
method. Instead of representing neuron importance
with a single static score, TADP models the tempo-
ral activation behaviour observed across sequence
positions through five complementary signals cap-
turing average response, selectivity, positional vari-
ability, transition behaviour, and positional contri-
bution. These signals are aggregated into a unified
neuron importance score used to identify redundant
neurons for removal.

We evaluate TADP on eight decoder-only LLMs
from the LLaMA, Mistral, Qwen, and Minerva fam-
ilies at 3B and 7B/8B scales. We focus on these
parameter ranges because they represent practical
model sizes deployable in real-world applications,
where inference efficiency is, as above mentioned,
particularly important. Rather than starting from
extremely large models and aggressively compress-
ing them to smaller sizes, we investigate whether
structured pruning can effectively preserve perfor-
mance in models that are already relatively com-
pact and widely adopted.

Experiments cover pruning ratios from 10% to
50% across several benchmark datasets, including
WikiText-2 and MMLU, measuring perplexity and
zero-shot accuracy. The results show that TADP
consistently outperforms recent structured pruning
baselines across models and pruning regimes.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work on structured
pruning for LLMs. Section 3 presents the proposed
methodology. Section 4 describes the experimental
setup, while Section 5 discusses the results. Finally,
Section 6 concludes the paper.

2 Related work

Parameter reduction techniques for pre-trained
large language models fall into two broad cate-
gories: unstructured and structured pruning. Un-
structured pruning identifies individual weights to
remove regardless of their position in the network,
relying on criteria such as weight magnitude (Han
et al., 2015), Hessian-based sensitivity (Frantar and

LCode available at https://github.com/Adrianoski/
TADP
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Alistarh, 2023), or activation statistics. While effec-
tive at achieving high pruning ratios, unstructured
methods produce irregular weight matrices that re-
quire specialized sparse kernels to translate pruning
into actual inference speedup, limiting their practi-
cal deployability on standard hardware.

A representative of activation-informed unstruc-
tured pruning is Wanda (Sun et al., 2023), which
scores each weight by the product of its magni-
tude and the ¢5 norm of the corresponding input
activations, estimated over a small calibration set
requiring neither retraining nor weight update and
executed in a single forward pass. Its key insight
is that input activation norms, rather than weight
magnitudes alone, are a more informative proxy
for the contribution of a weight to the layer output.

In contrast, structured pruning removes groups
of parameters, such as neurons, channels, or en-
tire Transformer sub-modules, instead of individual
weights. By eliminating complete rows, columns,
or blocks, structured methods preserve dense com-
putation patterns and are therefore more readily
compatible with standard inference hardware and
optimized libraries. Methods in this category differ
primarily in the granularity removal is performed.

Width pruning operates on subsets of weight
matrix rows and columns, reducing the hid-
den or intermediate dimensions of the network.
SliceGPT (Ashkboos et al., 2024) applies orthog-
onal transformations to slice entire weight matrix
rows while preserving model expressivity. LLM-
Pruner (Ma et al., 2023) adopts a dependency-
aware approach, identifying coupled structures
across the network via a graph-based analysis and
estimating their importance through first-order gra-
dient information.

Depth pruning instead removes entire Trans-
former blocks or specific sub-modules. Short-
GPT (Men et al., 2025) and sliding window co-
sine similarity methods assess layer redundancy by
measuring the similarity between input and output
representations, discarding layers whose contribu-
tion is negligible. Gromov et al. (Gromov et al.,
2025) showed that many deeper Transformer lay-
ers can be removed with limited degradation by
pruning blocks with highly similar intermediate
representations. BlockPruner (Zhong et al., 2025)
and EvoPress (Sieberling et al., 2025) extend this
idea to finer granularity, enabling the independent
removal of attention and feed-forward sub-modules
within each block.

More recent

approaches combine width

and depth pruning within unified frameworks.
2SSP (Sandri et al., 2025) integrates FFN neuron
pruning with iterative attention module removal
in a two-stage pipeline, achieving competitive
performance with substantially lower pruning
runtime than existing state-of-the-art methods.

Orthogonal to the pruning granularity is the de-
sign of the importance criterion used to rank param-
eters. CFSP (Wang et al., 2025) proposes a coarse-
to-fine structured pruning strategy based on activa-
tion information, combining block-level sparsity al-
location with intra-block neuron selection through
a single forward calibration pass. Other methods
instead rely on learned masks and lightweight adap-
tation strategies to recover performance after com-
pression. For example, Compresso (Guo et al.,
2024) combines structured mask learning with
parameter-efficient adaptation, often through low-
rank updates, to mitigate pruning-induced degrada-
tion while maintaining computational efficiency.

Both Wanda and LLM-Pruner rely on static or
aggregated activation statistics that compress neu-
ron behavior into scalar importance scores, over-
looking the sequential structure of the input. Closer
in terms of underlying intuition is SiRE (Puglisi
et al., 2026), which also uses token-level saliency
scores derived from input gradients to weight the
importance of structural components, anticipating
the idea that not all tokens contribute equally to
the pruning signal. However, SiRE ultimately com-
presses this information into a single component-
level score, losing the temporal structure of how
activations evolve across token positions.

TADP departs from this paradigm by decom-
posing neuron importance along the temporal di-
mension of the activation signal, capturing mean
response, peak selectivity, positional variability,
transition dynamics, and position-weighted contri-
bution within a unified scoring framework. More-
over, TADP requires neither gradient computation
nor weight updates, operating entirely within a sin-
gle backpropagation-free calibration pass.

3 Methodology

Existing structured pruning methods typically es-
timate neuron importance using static proxies
such as weight magnitude or aggregated activa-
tion norms. While computationally efficient, these
criteria reduce each neuron to a single scalar value,
ignoring how its behaviour evolves across sequence
positions during inference. This constraint be-
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Figure 2: Detailed view of the TADP. The left panel shows the decoder-only transformer architecture. A forward
hook registered on the input of Wy, captures, for each batch b, the per-position £ norms of the pre-projection
activations, producing the matrix P(“:*) (). After all batches have been processed, the per-batch matrices are stacked
into the three-dimensional tensor A.(9), encoding the complete temporal activation profile of every neuron across all
calibration sequences and token positions (). Five temporal descriptors are then extracted from A (©) for each neuron
i: mean activation m¢, peak activation ¢f, positional variance v, transition dynamics g{, and position-weighted
response ¢ (3). These are combined into a final importance score @), which drives the pruning decision.

comes extremely relevant in transformer-based lan-
guage models, where neuron activations exhibit
strong temporal structure; their magnitude and
functional role vary across token positions depend-
ing on syntactic boundaries, contextual dependen-
cies, and long-range interactions. Compressing this
behaviour into position-agnostic statistics removes
information that may be relevant to generation dy-
namics.

Temporal Activation Dynamics Pruning (TADP)
addresses this shortcoming by defining neuron im-
portance as a function of the full temporal activa-
tion profile observed during a calibration phase on
a dataset. Instead of collapsing activations into
a single summary statistic, TADP preserves their
structure across sequence positions and derives an
importance score from multiple complementary
temporal signals.

TADP focuses specifically on decoder-only

transformer language models with gated feed-
forward networks (Touvron et al., 2023a). In each
layer ¢, the FFN is parameterized by three pro-

jection matrices Wé?te, WS‘Q € R%ntXdmodel gpd

W) ¢ Rdmoderxdint | The full pipeline is illus-

down
trated in Figure 2.

For each index i € {1,...,diy}, where dip is
the intermediate dimension of the FFN, we define a
neuron triplet, i.e., the vectors comprising the ¢-th

row of Wé?te, the i-th row of WI(Q, and the i-th

column of Wg@wn. We refer to this as the i-th neu-
ron triplet of layer ¢, where the index ¢ identifies
a single computational unit along the intermedi-
ate dimension shared by all three projection ma-
trices. Removing a neuron triplet is a structurally
consistent operation that reduces the intermediate

dimension dj,; uniformly across all three matrices.

Given a pruning ratio p € (0, 1), the goal is to re-
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move, for each layer, a fraction p of neuron triplets
while minimizing degradation in language mod-
eling performance. TADP achieves this through
a four-stage pipeline: (i) a single forward-only
calibration pass over a small corpus with frozen
parameters and no gradient computation, (ii) ex-
traction of layer-wise temporal activation tensors,
(iii) decomposition of neuron behaviour into tempo-
ral response components, and (iv) layer-wise rank-
ing and structured pruning based on the resulting
scores. The stages are described in detail in the
following sections.

3.1 Calibration and temporal signal
extraction

TADP collects activation statistics using a single
forward pass over a calibration dataset divided into
N batches, with all model parameters kept frozen.
The calibration data is used only to observe how
neurons respond to natural inputs.

We focus on the feed-forward blocks of the trans-
former, and in particular on the input of the down-
projection layer Wéi)wn, which represents the pre-
output activations of the FFN at layer ¢. During
inference, we record these intermediate activations
for each layer and each input batch.

For each batch b, this yields a tensor of hidden
activations X (&) ¢ REXTxdine where B is the
batch size and 7' is the sequence length.

To obtain a compact representation that pre-
serves token-level structure, we aggregate across
the batch dimension using the #2 norm, obtaining
P(Z,b) c RTXdint

Intuitively, this step removes dependence on indi-
vidual samples while preserving how each neuron
behaves across positions within a sequence.

After processing all NV calibration batches, we
stack these observations along the batch dimension,
obtaining the final activation tensor A® . This
tensor encodes the empirical temporal behaviour
of each neuron across inputs and token positions,
and serves as the only input to the pruning stage.

3.2 Neuron selection

The core of TADP lies in how it interprets the ac-
tivation tensor A() collected during calibration.
Rather than collapsing it into a single scalar per
neuron, TADP treats it as a structured representa-
tion of temporal behaviour and derives multiple
complementary projections from it.

The stacked tensor A(©) € RNV*T*dint fy]ly en-
codes the empirical temporal behavior of each neu-

ron. Starting from A(¥), we define two summary
views over the batch dimension by operating on its
constituent batch matrices P (¢:9):

max P&b),

N
_ 1 )
A — —N"p@d) A0
N bz; ’ be{l,..,N}

These two quantities separate typical activation be-
havior from rare but strong responses, providing
complementary views of neuron activity across in-
puts.

For each neuron i in layer ¢, TADP extracts
the importance score sl@, which is defined as a
weighted sum of five temporal descriptors from

A® and A©):

sy) = mz@ + ozgql-(g) + 0431)2@) +ay gff) + a5r,§€) ,

Zaj =1.
J

Mean activation:

0 = A9

)

which captures the average magnitude of the
neuron’s contribution across positions.

Peak activation:

which preserves neurons that respond strongly
but sparsely across inputs.

Positional variance:
¢ ~ (¢
’UZ( ) = Varte[T] (A;Z)) s

which measures how strongly the activation
depends on token position ¢ in the sequence
T.

Transition dynamics:

which captures local changes in activation
across adjacent tokens ¢ in the sequence 7.

Position-weighted response:

T A (0)

0 D=1 WAy — 05 t—1

’I"Z- = =7 we = U. + ﬁ,
D1 Wi

where t is the token and 7T is entire sequence.
This term reflects the asymmetric information
flow characteristic of autoregressive decoding.

39226



Neurons with similar average activation can ex-
hibit substantially different behaviours across to-
ken positions. A neuron that responds moder-
ately throughout a sequence and one that activates
sharply for a small number of context-dependent
tokens may receive similar static importance scores,
although removing the latter can disrupt specific
lexical, syntactic, or semantic transitions. Mean ac-
tivation captures broad contribution, whereas posi-
tional variance and transition dynamics distinguish
persistent responses from position-dependent and
rapidly changing activation patterns. The position-
weighted response accounts for the asymmetric
information flow of autoregressive decoding, while
peak activation protects highly selective neurons
whose contribution would otherwise be diluted by
averaging. We therefore assign a larger weight to
the peak descriptor, aiming to preserve neurons
that respond infrequently but strongly to specific
contextual patterns.

This interpretation is supported by the exhaus-
tive ablation in Appendix A, which evaluates 47
score configurations: all 31 non-empty descriptor
subsets under uniform weighting and the 16 sub-
sets containing peak activation under peak-heavy
weighting. The complete five-component peak-
heavy formulation obtains the lowest perplexity,
and removing any individual component consis-
tently degrades performance.

3.3 Layer-wise pruning

Neurons are ranked independently within each

()

i

layer according to s
the retained set is:

. Given a pruning ratio p,

IC(Z) = TOPK (Sz@)u k;) ) k= L(l _p) dintJ :

The corresponding rows and columns are re-
moved consistently across the gate, up, and down
projections, producing a structurally valid feed-
forward block with reduced intermediate dimen-
sion and direct compatibility with standard infer-
ence frameworks.

4 Experimental setup

Models. We evaluate TADP on eight decoder-
only transformer language models spanning four
families at two scales. For the LLaMA family (Tou-
vron et al., 2023a) we include LLaMA-3.2-3B and
LLaMA-3-8B, for the Qwen family (Yang et al.,
2024) we used Qwen2.5-3B and 7B, for Mistral

family Ministral-3B (Liu et al., 2026) and Mistral-
7B (Jiang et al., 2023), and for the Minerva family
(Orlando et al., 2024) Minerva-3B and 7B.

Pruning ratios. We consider five method-
specific target levels, denoted as 10%, 20%, 30%,
40%, and 50%. Because the nominal ratio has
different meanings across pruning methods, it
should not be interpreted directly as the frac-
tion of total model parameters removed. For
the budget-matched evaluation, we select model-
specific TADP/CFSP FFN pruning ratios that ap-
proximate the total-parameter reductions produced
by the corresponding pruning configurations.

Calibration set. Importance scores are estimated
from a single forward pass over 512 samples drawn
from the English split of the C4 dataset (Raffel
et al., 2023), specifically from the first shard of
the training split, with each sequence truncated or
padded to a maximum length of 512 tokens. C4
is a large-scale, cleaned web crawl corpus provid-
ing broad lexical and syntactic diversity without
domain bias, making it well-suited as a general-
purpose calibration corpus for importance estima-
tion. Importantly, any sufficiently large and diverse
calibration corpus could be used in principle. We
adopt C4 as a standard and widely used choice to
ensure comparability and generality of our results.

Evaluation metrics and datasets. Perplexity
is evaluated on the WikiText-2 test set (Merity
et al., 2016), using sequences of 512 tokens with
padding positions excluded from the loss compu-
tation. This context length fits within the available
hardware budget while remaining sufficiently long
to capture meaningful sequential dependencies
and consistent with the calibration setting. Zero-
shot downstream accuracy is measured on ARC-
Challenge (Clark et al., 2018), HellaSwag (Zellers
et al., 2019), MMLU (Hendrycks et al., 2021b,a),
and PIQA (Bisk et al., 2020).

Related approaches. We compare TADP
against several structured pruning methods
proposed for large language models, introduced
in Section 2, including CFSP (Wang et al., 2025),
2SSP (Sandri et al., 2025), BlockPruner (Zhong
et al., 2025), EvoPress (Sieberling et al., 2025),
Window-Based (Gromov et al., 2025), Short-
GPT (Men et al., 2025), SliceGPT (Ashkboos
et al., 2024), and SiRE (Puglisi et al., 2026).
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Hardware. All experiments are conducted on a
workstation equipped with an NVIDIA GeForce
RTX 3090 GPU (24 GB VRAM) and 64 GB of sys-
tem RAM. All models are loaded in half-precision
(float16). This setup is representative of a mid-
range research workstation and demonstrates that
TADP is fully executable without access to multi-
GPU infrastructure or data-center hardware.

5 Results and discussion

Tables 1 and 2 report budget-matched results under
moderate and high compression. For each model,
TADP and CFSP use model-specific FFN prun-
ing ratios that produce the same total-parameter
reduction as the corresponding block and depth-
pruning configurations. Across the evaluated ar-
chitectures, the moderate setting removes 18.36
to 21.08% of the total model parameters, while
the high-compression setting removes 35.31 to
39.47% depending on the specific model. Because
2SSP defines its compression budget over the main
Transformer layers and jointly allocates pruning
between FFN channels and complete attention sub-
modules, it removes slightly fewer total parameters
in most configurations. SliceGPT instead reduces
the shared embedding dimension and is reported
only for supported architectures, as detailed in Ap-
pendix C.

Overall, TADP achieves the joint-best results in
many evaluation settings, with improvements that
remain consistent across LLaMA, Qwen, Minerva,
and Mistral-based architectures. The advantage
becomes more pronounced at 40% pruning, where
competing approaches exhibit severe degradation
in both perplexity and downstream accuracy, while
TADP preserves comparatively stable behavior.

The gains are particularly evident on fluency-
oriented metrics, namely WikiText-2 perplexity
and HellaSwag accuracy. At 20% pruning, TADP
achieves the lowest perplexity in 5 out of 8 eval-
uvated models and consistently ranks among the
strongest methods on HellaSwag. At 40% prun-
ing, TADP obtains the best perplexity in 5 out of
8 evaluated configuration. This behavior is consis-
tent with the design motivation of TADP, which
prioritizes components associated with temporally
dynamic activations and therefore appears better
aligned with preserving contextual continuity and
local token dependencies during generation.

At moderate compression rates, several base-
lines remain competitive on individual tasks. In

particular, CFSP occasionally achieves slightly
stronger results, while some methods remain com-
parable on ARC under 20% pruning. However, the
gap widens under aggressive compression. Depth-
oriented pruning strategies such as BlockPruner,
Window-Based, and ShortGPT frequently produce
perplexity values in the hundreds or thousands at
40% pruning, indicating substantial deterioration
of language modeling capability. Width-based ap-
proaches degrade more gracefully, but still exhibit
large performance losses.

SiRE remains moderately competitive at 20%
pruning on several models, but its performance de-
teriorates sharply at higher pruning levels, with
perplexity exceeding 102 in multiple settings. This
comparison suggests that token-level saliency alone
is insufficient to preserve stable language modeling
behavior under aggressive compression, and that in-
corporating temporal activation dynamics provides
additional information for identifying components
that remain important across sequential contexts.

TADP does not consistently achieve the best per-
formance on MMLU. Unlike perplexity and Hel-
laSwag, which are closely tied to contextual con-
tinuity and fluency, MMLU primarily evaluates
factual and domain-specific parametric knowledge.
The weaker relative gains on this benchmark may
indicate that temporally dynamic activations are
more strongly associated with contextual reasoning
patterns than with the distributed storage of factual
associations across MLP parameters.

Ministral-3B-Instruct exhibits substantially
higher baseline perplexity on WikiText-2 compared
to the other 3B models (92.04 versus 15.97 for
LLaMA 3B and 14.58 for Qwen 3B), suggesting
a markedly different intrinsic calibration on this
benchmark independently of pruning.

Finally, SliceGPT reports results only for
LLaMA 8B and Mistral 7B, as the method requires
specific structural properties in the weight matrices
that are not supported by all evaluated decoder-only
architectures.

Pruning and inference efficiency. We comple-
ment the performance evaluation with a wall-clock
analysis of the cost required to construct the pruned
model and the resulting inference latency. Table 3
reports results on LLaMA-3.2-3B for the high-
compression configurations used in the budget-
matched comparison and Table 4 reports results on
LLaMA-3-8B. All measurements were collected
on the same hardware and in the same numerical
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‘ LLaMA 3B Ministral-3B-Instruct Qwen 3B Minerva 3B
‘ Perplexity| Accuracy Perplexity| Accuracy Perplexity| Accuracy Perplexity| Accuracy T

Method ‘WikiTexl—Z ARC HS MMLU PIQA‘WikiTexl—Z ARC HS MMLU PIQA‘WikiTexl—Z ARC HS MMLU PIQA‘WikiTexl—2 ARC HS MMLU PIQA
Baseline ‘ 15.97 4599 73.61 54.40 77.48‘ 92.04 26.19 37.75 24.60 59.96‘ 14.58 4727 73.52  65.20 78.94‘ 18.70 29.86 60.81 24.70 7541
budget-matched 20%

TADP (ours) 28.31 33.19 6297 31.00 74.05 10593 2594 36.76 23.57 59.09 22.18 36.60 64.10 36.73 74.28 30.95 2722 5141 2328 69.75
CFSP 30.68 31.74 57.18 3242 71.33| 10941 2491 3559 23.02 57.56 24.57 33.53 60.55 48.69 73.18 3551 24.15 4828 23.02 68.66
2SSP 28.46 32.17 56.89 3136 71.65| 107.61 2543 3599 23.87 58.65 22.46 3473 63.56 45.67 74.21 31.41 25.85 48.65 2547 68.99
BlockPruner 35.54 30.55 54.18 2587 69.48| 180.93 2449 32,10 2342 5593| 201.71 3532 49.15 3504 7345 58.81 2423 41.01 2292 66.00
EvoPress 33.27 31.74 5279 2676 6991 13591 23.63 32.00 2338 55.82 23.62 3524 61.15 35.07 7497 45.20 23.72 4279 23.00 66.16
Window-Based | 1.18x10° 37.03 51.61 52.50 6697 | 169.15 24.06 32.86 23.42 56.69 37.75 29.95 51.76  25.63 7040 | 2.11x10* 244 3642 2298 55.28
ShortGPT 12440 2244 3348 23.00 59.30| 53406 2543 3245 2293 5501 78.47 2338 35.00 2349 59.68 | 537x107 29.18 2576 25.64 48.69
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 72.27 2696 42.02 2595 64.64| 11531 2519 3525 23.14 5794 51.50 38.05 5991 36.71 7247 74.73 25.58 45.89 24.00 66.49
budget-matched 40%

TADP (ours) 70.97 2491 39.25 2295 6355 181.08 2457 3232 23.15 5555 43.62 26.88 47.34 2294 6832| 172.67 2406 35.64 2324 5501
CFSP 109.29 2432 3578 23.19 59.41| 202.10 2278 30.81 23.02 5533 46.88 22.87 4459 2795 6474| 201.38 2398 31.23 2290 55.06
2SSp 72.28 2270 41.15 2293 62.68| 17347 2329 31.78 2343 55.60 4433 2628 4858 2332 67.68| 12898 2295 3231 2341 5985
BlockPruner 128.05  25.77 34.67 2321 59.14| 44141 2423 28.68 2354 54.08| 31936 25.85 37.57 2401 65.07| 307.78 2235 2997 2295 57.34
EvoPress 135.02  25.00 34.68 2327 60.55| 45694 23.12 27.38 2535 5239 59.05 25.68 4240 23.11 67.08| 199.30 2295 30.68 2295 57.56
Window-Based | 1.40z10* 32.08 38.10 53.88 59.36| 4.80x10° 27.82 26.19 2295 50.49 80.16 2577 38.69 25.18 63.76 | 2.49x10° 25.85 29.53 23.10 52.77
ShortGPT 1.74210° 2551 2653 24.81 52.67| 2.98z10° 24.66 2647 23.73 51.69 | 178.96 21.50 3244 2426 5843 | 5.7z10° 2892 2548 2589 48.75
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 39638 23.89 29.08 24.15 5577| 18641 24.15 32.10 23.74 57.07| 29831 2568 39.59 24.96 61.48| 6.54x10° 2645 27.08 24.13 54.03

Table 1: 3B models: structured pruning at budget-matched 20% and 40% of reduction budget with all methods.
PPL = perplexity on WikiText-2 (}); ARC, HellaSwag (HS), MMLU, PIQA = zero-shot accuracy (7).

‘ LLaMA 8B Mistral 7B Qwen 7B Minerva 7B
‘ Perplexity] Accuracyt Perplexity Accuracyt Perplexity| Accuracy Perplexity| Accuracy

Method ‘WikiTcxl—Z ARC HS MMLU PIQA‘WikiTcxl—Z ARC HS MMLU PIQA‘WikiTcxt—Z ARC HS MMLU PIQA‘WikiTcxt—Z ARC HS MMLU PIQA
Baseline ‘ 13.33 5341 79.19 62.17 80.79‘ 11.28 54.01 81.05 59.61 82.15‘ 12.07 51.02 7892 71.95 79.82‘ 12.54 4829 73.15 40.61 7835
budget-matched 20%

TADP (ours) 21.35 37.63 7126 41.61 77.58 19.25 38.74 7220 43.18 78.89 19.58 4349 72.62 5471 77.69 17.33 4147 6643 2940 76.66
CFSP 23.10 37.54 66.61 4281 7437 19.24 37.46 69.03 37.86 77.69 19.42 38.74 69.18 58.13 7530 17.23 39.42 6544 3249 7519
2SSp 21.56 38.05 69.72 46.65 77.04 18.73 3891 7020 4234 78.18 17.54 39.59 7244 59.81 77.80 17.03 4334 6695 32.67 76.61
BlockPruner 29.53 35.58 61.29 33.07 71.49 22.72 39.51 69.85 36.51 7579 37.96 39.42 6439 27.83 7633 19.02 39.76 66.43 35.05 74.70
EvoPress 23.19 35.67 6250 24.53 74.21 18.43 37.29 69.84 29.02 76.17 19.78 42.83 68.09 38.69 76.61 19.68 39.33 66.84 40.85 7291
Window-Based | 1.68x10% 29.35 3321 35.08 59.03 40.74 31.74 5587 2326 69.21 29.19 36.26 60.58 28.17 73.12 19.65 41.55 66.27 39.37 73.07
ShortGPT 103.13 4232 64.86 59.20 70.95 26.29 2841 55.86 23.12 69.70 30.01 40.27 5797 3835 7214 19.65 41.55 66.27 39.37 73.07
SliceGPT 67.17 36.60 67.55 2844 7492 35.89 37.63 6820 3744 76.61 — — — — — — — — — —
SiRE 38.84 3549 6251 3022 7372 21.70 40.96 66.28 42.86 76.50 | 12344  41.55 63.52 5255 6834 28.26 38.57 63.44 30.71 7329
budget-matched 40%

TADP (ours) 44.42 28.24 5272 2292 70.95 37.10 2892 52.80 2292 70.35 36.17 2773 5432 2323 69.86 3345 31.23 5430 2428 70.46
CFSP 49.94 2671 4478 23.89 6529 42.66 24.06 46.16 2295 66.54 38.06 2432 4893 39.79 67.30 35.23 2892 5147 2421 67.19
2SSP 45.99 27.99 4971 27.11 69.26 37.66 2577 50.02 2295 68.55 34.17 25.60 56.64 30.86 69.59 68.84 3029 51.98 25.82 68.72
BlockPruner 12113 27.82 44.17 2598 60.94 81.27 2722 4455 2549 6398| 17621 2645 37.02 26.00 59.47 38.57 29.95 5329 27.65 6931
EvoPress 74.48 28.16 4436 2322 62.89 56.61 29.95 51.06 26.73 65.40 55.98 28.16 43.60 2522 64.85 39.29 27.22 47.87 24.11 66.81
Window-Based | 984224  29.78 37.86 34.47 59.74| 1150.68 28.92 2573 24.43 50.82 94.92 25.68 40.36 26.18 63.38 189.35 2935 4588 19.95 62.84
ShortGPT 1462.41  28.67 34.53 2573 57.62| 1643.57 2568 2570 23.67 49.73| 50257 23.63 30.23 2470 54.68| 189.35 2935 4588 19.95 62.84
SliceGPT 18530  23.38 42.78 22.87 6344 89.12 2534 4246 23.14 62.68 — — — — — — — — — —
SiRE 157.23 2892 4325 2398 65.02| 10030 2850 47.86 23.55 63.71| 309.74 32.18 48.12 2859 62.30 58.66 32.25 53.00 27.00 67.63

Table 2: 7B/8B models: structured pruning at budget-matched 20% and 40% of reduction budget with all methods.
PPL = perplexity on WikiText-2 (}); ARC, HellaSwag (HS), MMLU, PIQA = zero-shot accuracy (7).

precision. Pruning time covers calibration, impor-
tance estimation, component selection, and appli-
cation of the reduction, while excluding model and
tokenizer loading, dataset preparation, and down-
stream evaluation. Inference latency is measured
using identical input and generation settings for all
methods.

TADP exhibits the lowest pruning cost among
the evaluated methods, requiring 30 seconds to pro-
duce the compressed model. This is lower than
CFSP, 2SSP, BlockPruner, and the substantially
more expensive search procedures used by Evo-
Press and SiRE, which require 3,240 and 3,720
seconds, respectively.

After pruning, TADP reduces inference latency
from 72.02 to 49.91 ms, corresponding to a 1.44 x
speedup. Methods that remove complete Trans-
former layers or residual submodules obtain larger
speedups of up to 1.61 x, despite removing a com-
parable number of parameters. This happens be-
cause depth and block removal preserve the original
matrix shapes while reducing the number of sequen-
tial operations, whereas FFN width pruning pro-
duces narrower matrices whose practical speedup
also depends on hardware utilization and kernel
efficiency. It is important to note that TADP and
CFSP prune only FFN channels, matching meth-
ods that also remove attention components requires
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Method Removed Time Latency Speedup

(%) (s (ms) X
Dense 0.00 - 72.02 1.00
TADP 37.60 30 4991 1.44
CFSP 37.60 33 50.23 1.43
2SSP 35.09 76 56.30 1.28
BlockPruner 37.60 34 46.45 1.55
EvoPress 37.60 3240 4474 1.61
Window-Based 37.60 39 44.87 1.60
ShortGPT 37.60 39 44.87 1.60
SiRE 37.60 3720 48.82 1.48

Table 3: Pruning cost and post-pruning inference effi-
ciency on LLaMA-3.2-3B at budget-matched 40% prun-
ing. Pruning time excludes model loading, tokenization,
and downstream evaluation.

Method Removed Time Latency Speedup

(%) (s (ms) X
Dense 0.00 - 13775 1.00
TADP 35.31 64 93.9 1.47
CFSP 35.31 69 94.4 1.46
2SSP 3477 128 111.6 1.23
BlockPruner 35.31 84 914 1.51
EvoPress 35.31 6617 90.35 1.52
Window-Based 35.31 77 89.3 1.54
ShortGPT 35.31 76 88.5 1.56
SiRE 35.31 7590 91.7 1.50
SliceGPT 32.27 1206 92.54 1.49

Table 4: Pruning cost and post-pruning inference effi-
ciency on LLaMA-3-8B at budget-matched 40% prun-
ing .

higher FFN pruning ratios. In contrast, 2SSP and
SliceGPT follow their original allocation; conse-
quently, their closest configurations remove slightly
fewer total parameters.

Table 5 reports the exact fraction of total
model parameters removed in the two compression
regimes used in the comparison, for a complete
and more accurate comparison refer to Appendix
C. Model-specific FFN ratios are used for TADP to
match the parameter reductions of the correspond-
ing pruning methods. 2SSP follows its original
hybrid FFN/attention allocation and therefore re-
tains slightly more parameters in most settings.

6 Conclusion

We presented TADP, a structured pruning method
for decoder-only large language models that es-
timates neuron importance through the temporal
dynamics of activations rather than static scalar
summaries. By decomposing neuron activations
into five complementary signals mean activation,
peak activation, positional variance, transition dy-
namics, and position-weighted response, TADP ex-
plicitly prioritizes neurons exhibiting strong peak
activations on rare contextual patterns. Our results
suggest that these highly selective neurons corre-

20% 40%
Model All 2SSP All 2SSP
LLaMA-3.2-3B 18.80 17.55 37.60 35.09
Ministral-3B-Instruct 19.74 18.42 39.47 36.84
Qwen2.5-3B 19.98 17.98 37.46 35.97
Minerva-3B 20.61 18.84 38.27 37.68
LLaMA-3-8B 19.01 17.38 35.31 34.77
Mistral-7B 21.08 19.28 39.15 38.55
Qwen2.5-7B 18.36 17.14 36.72 34.27
Minerva-7B 20.64 18.87 38.32 37.73

Table 5: Effective fraction of total model parameters
removed (%).

spond to structurally important components for pre-
serving sequential coherence and context-sensitive
generation.

Evaluated on eight models across the LLaMA,
Mistral, Qwen, and Minerva families at both 3B
and 7B/8B scale, TADP achieves the joint-best
performance in the majority of evaluated settings
across different pruning regimes and all model fam-
ilies. The largest gains are observed on WikiText-2
perplexity and HellaSwag accuracy, two bench-
marks that strongly depend on coherent contextual
continuation and autoregressive language modeling
quality. At 40% pruning, where competing pruning
methods exhibit severe degradation, TADP pre-
serves substantially lower perplexity and stronger
downstream performance. Overall, the results sug-
gest that modeling activation dynamics along the
temporal dimension provides a promising direction
for robust and training-free compression of large
language models under high pruning regimes.

Two limitations constrain the current method.
First, pruning is applied exclusively to the FFN sub-
layers, while self-attention modules remain struc-
turally intact; extending the temporal activation
criterion to attention heads represents a natural di-
rection for future work. Second, the reliance on a
general calibration corpus may favor the preserva-
tion of contextual and sequential processing over
factual knowledge retrieval, which could partially
explain the comparatively weaker results observed
on MMLU. Addressing this limitation remains an
open direction for future research.

39230



Limitations

TADP currently prunes only MLP sublayers, leav-
ing self-attention modules unchanged. While
this targets the dominant parameter component in
decoder-only LL.Ms, extending the temporal ac-
tivation criterion to attention heads could further
improve compression efficiency.

In addition, TADP relies on temporal activation
dynamics measured on a general calibration cor-
pus. This criterion appears effective for preserving
contextual and syntactic processing, but less suited
to factual knowledge retrieval, which may explain
the comparatively weaker results on MMLU. Fu-
ture work could investigate task-specific calibration
data or importance metrics that better capture para-
metric knowledge storage.

Ethical Considerations

TADP is a structured pruning method for publicly
available large language models and does not in-
volve collecting or annotating personal data. All
calibration and evaluation datasets are standard
public NLP benchmarks.

Compressed models produced by TADP inherit
the biases and failure modes of the original mod-
els, and pruning may alter these behaviours unpre-
dictably. Therefore, compressed variants should
be evaluated independently before deployment in
sensitive applications.

By reducing inference cost and memory usage,
TADP can improve accessibility and energy effi-
ciency of LLM deployment. However, lower hard-
ware requirements may also facilitate deployment
in settings with limited oversight, motivating re-
sponsible use of compression techniques.
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A Importance score ablation study

To validate the proposed scoring formulation, we
conduct an ablation study on LLaMA 3B using
WikiText-2 perplexity at 50% pruning. We selected
LLaMA 3B as a representative model since the ef-
fectiveness of TADP is subsequently demonstrated
across eight different architectures and model fam-
ilies in the full experimental evaluation. The analy-
sis focuses on perplexity because it directly reflects
language modeling quality and therefore provides
a suitable setting for evaluating whether emphasiz-
ing peak activations in the importance score better
preserves temporally selective neurons and con-
textual generation behavior. We additionally per-
form the study at 50% pruning because this rep-
resents the most aggressive compression regime
considered in our experiments, where differences
between scoring components become more pro-
nounced. The analysis considers all combinations
of the five temporal descriptors characterizing the
importance score ng), with coefficients aj: mean
activation (M), peak activation (P), positional vari-
ance (V), transition dynamics (G), and position-
weighted response (W). In total, we evaluate 47
score configurations. Specifically, the analysis cov-
ers all 2° — 1 = 31 non-empty descriptor sub-
sets under uniform weighting and all 2* = 16 sub-
sets containing peak activation under peak-heavy
weighting. In the uniform setting (U), all active
descriptors receive the same weight, normalized
to sum to one. In the peak-heavy setting (H), the
peak descriptor is assigned a weight of 0.35, while
the remaining active descriptors equally share the
residual weight.

Table 6 reports the results. The complete five-
component formulation with peak-heavy weighting
achieves the best performance, reaching the low-
est perplexity of 60.78. This indicates that each
component contributes meaningful information and
that no term is entirely redundant. Removing any
individual component consistently degrades per-
formance. Among them, the transition dynamics
term appears to be the least influential when consid-
ered independently, as excluding it only slightly in-
creases perplexity from 60.78 to 65.49. In contrast,
the peak activation term is clearly the most influen-
tial component. Configurations without P exhibit
a substantial deterioration in perplexity, with the
mean-only configuration reaching 109.68.

Across equivalent configurations, the peak-
heavy strategy systematically outperforms uniform
weighting, supporting the decision to emphasize
peak selectivity within the scoring formulation.
Moreover, peak activation alone achieves a per-
plexity of 73.07, significantly outperforming iso-
lated variants based on positional variance (PPL
of 97.14), mean activation (PPL of 109.68), or
position-weighted response (PPL of 110.95).

The position-weighted response component rf
contributes only marginally to the final score, as
rank correlations between rf and mf exceed 0.999
across many layers, indicating that the two signals
capture largely overlapping information. Despite
this redundancy, its inclusion still improves per-
plexity compared to omitting it entirely, leading to
its retention in the final configuration.

B Complete results

Table 7 and Table 8 report the complete structured
pruning results across all evaluated pruning levels
for the 3B and 7B/8B model families, respectively.
These tables extend the main-paper analysis pre-
sented at 20% and 40% pruning ratios by including
intermediate pruning settings (i.e., 10%, 30%, and
50%) together with the full set of evaluation met-
rics. Results are reported in terms of WikiText-2
perplexity and zero-shot accuracy on ARC, Hel-
laSwag, MMLU, and PIQA. Overall, TADP con-
sistently achieves the best trade-off between com-
pression and performance degradation, maintaining
lower perplexity and stronger downstream accuracy
across most architectures and pruning regimes, par-
ticularly at higher pruning levels where competing
methods exhibit a more pronounced collapse in
language modeling quality.
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Config Scheme  PPL || Config Scheme PPL

Baseline - 15.97 || UIM+P+V+W] uniform 64.95
H[M+P+V+G+W] peak-heavy 60.78 || HIM+P+V] peak-heavy  65.07
H[M+P+V+G] peak-heavy 61.48 || HIM+P+W] peak-heavy  65.13
H[M+P+G+W] peak-heavy 61.75 || UM+P+W] uniform 65.20
U[M+P+V+G+W] uniform 61.89 || UM+P+V] uniform 65.47
U[M+P+G+W] uniform 61.89 || HIM+P+V+W] peak-heavy 65.49
H[P+V+G+W] peak-heavy 61.91 || H[P+W] peak-heavy  65.55
U[M+P+V+G] uniform 62.32 || UM+P] uniform 65.65
H[M+P+G] peak-heavy 62.40 || U[P+V+W] uniform 65.84
U[M+P+G] uniform 62.51 || U[V+G] uniform 65.89
U[P+V+G+W] uniform 62.71 || U[G] uniform 65.99
U[P+G+W] uniform 62.79 || H[P+V+W] peak-heavy  66.18
UM+G+W] uniform 63.09 || UP+W] uniform 66.31

UM+V+G] uniform 63.14 || U[P+V] uniform 70.03

U[M+G] uniform 63.15 || H[P+V] peak-heavy  70.32
H[P+G+W] peak-heavy 63.19 || U[P] uniform 73.07
UM+V+G+W] uniform 63.20 || H[P] peak-heavy  73.07
U[V+G+W] uniform 63.72 || U[V] uniform 97.14
U[G+W] uniform 63.75 || UIM+V+W] uniform 107.42
H[P+V+G] peak-heavy 63.91 || UM+V] uniform 108.57
U[P+V+G] uniform 64.07 || UM] uniform 109.68
H[P+G] peak-heavy 64.23 || UM+W] uniform 109.81
U[P+G] uniform 64.57 || U[V+W] uniform 110.80
H[M+P] peak-heavy 64.82 || U[W] uniform 110.95

Table 6: Ablation study of the proposed pruning score at 50% pruning ratio. Lower perplexity (PPL) indicates
better language modeling performance. Configuration abbreviations: M = mean activation, P = peak activation, V =
positional variance, G = transition dynamics, W = position-weighted response. U denotes uniform weighting, while

H denotes peak-heavy weighting.

To complement the numerical comparisons re-
ported in Table 7 and Table 8, we provide heatmap
visualizations of pruning performance across all
evaluated models and reduction levels in Figure 3
and Figure 4. Each row corresponds to a prun-
ing method, while columns represent different
model architectures. Separate heatmaps are re-
ported for downstream accuracy retention (cf. Fig-
ure 3) and perplexity degradation (cf. Figure 4).
For perplexity, values are normalized with re-
spect to the corresponding unpruned baseline using
logo (PPLpruned/PPLpgsetine), Where lower val-
ues indicate better preservation of language mod-
eling quality. For downstream evaluation, values
represent the average retained zero-shot accuracy
across ARC, HellaSwag, MMLU, and PIQA rela-
tive to the baseline model.

C Effective parameter reductions

The nominal pruning ratio does not represent the
same operation across method families. TADP and
CFSP remove intermediate FFN channels, Short-
GPT and Window-Based remove complete Trans-
former layers, BlockPruner and EvoPress operate
on attention and MLP components, and 2SSP dis-
tributes its compression budget between FFN width

reduction and the removal of attention submodules.
SliceGPT instead reduces the shared embedding
dimension by slicing rows and columns across the
model’s projection matrices. Consequently, apply-
ing the same nominal target can produce substan-
tially different final model sizes. To make these
differences explicit, we compute the effective re-
duction over all model parameters by comparing
the parameter count of each structurally pruned
model with that of its original dense counterpart.
Table 9 reports this effective reduction for every
available model, method, and target configuration.
For TADP and CFSP, model-specific FEN prun-
ing ratios are selected to approach the effective
parameter budgets produced by the corresponding
block and depth pruning configurations. Small
residual differences arise from architectural gran-
ularity, including the need to remove an integer
number of layers, submodules, channels, or embed-
ding dimensions. Under its original allocation rule,
2SSP removes slightly fewer total parameters in
several configurations and therefore retains a mod-
est parameter-budget advantage. SliceGPT results
are reported only for architectures supported by its
implementation.
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‘ LLaMA 3B Ministral-3B-Instruct Qwen 3B Minerva 3B
‘ Perplexity] Accuracyt Perplexity Accuracyt Perplexity| Accuracy Perplexity| Accuracy

Method ‘WikiTexl—Z ARC HS MMLU PIQA‘WikiTexl—Z ARC HS MMLU PIQA‘WikiText—Z ARC HS MMLU PIQA‘WikiText—Z ARC HS MMLU PIQA
Baseline ‘ 15.97 4599 73.61 54.40 77.48‘ 92.04 26.19 37.75 24.60 59.96‘ 14.58 4727 7352 65.20 78.94‘ 18.70 29.86 60.81 24.70 75.41
pruning 10%

TADP (ours) 20.61 3831 70.37 4648 76.44| 100.15  26.11 37.41 2408 59.90 17.79 42,66 71.13 57.38 76.82 22.80 2799 56.14 2496 7247
CFSP 20.90 3891 6723 4529 7563 | 100.61 2491 36.68 2347 5822 17.82 41.64 6831 5876 76.82 24.61 26.88 5570 2520 71.76
2SSp 20.09 3891 68.13 46.15 7552 97.90 26.19 37.30 2412 59.52 17.21 42.06 70.20 5695 77.15 22.49 27.30 55.75 25.61 7236
BlockPruner 23.01 3797 64.65 33.16 7448 12723 2372 3355 2329 57.18 14293 43.86 5835 49.17 77.20 30.48 26.54 4995 2322 70.62
EvoPress 21.56 3592 63.84 3428 74.81 113.80  25.09 34.08 24.11 56.64 16.98 40.70 65.81 4843 75.19 31.41 2594 51.92 2379 69.42
Window-Based | 16491  42.06 6229 5269 7220 11036 2551 3408 2420 56.96 25.69 3532 6251 2582 73.07| 1.91z10° 27.39 400 23.64 59.41
ShortGPT 68.04 2398 3835 2328 5941 127.57  24.57 3448 24.80 5778 27.17 4343 6091 44.62 7046 | 5.98z10° 2773 2576 2598 48.69
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 37.87 28.58 53.30 27.47 71.00 99.15 26.02 36.53 23.09 59.36 72.42 46.93 69.87 60.28 72.31 52.94 2824 51.92 25.62 70.89
pruning 20%

TADP (ours) 28.31 33.19 6297 31.00 74.05 10593 2594 36.76 23.57 59.09 22.18 36.60 64.10 36.73 74.28 30.95 2722 5141 2328 69.75
CFSP 30.68 31.74 57.18 3242 71.33| 10941 2491 3559 23.02 57.56 24.57 33.53 60.55 48.69 73.18 3551 24.15 4828 23.02 68.66
2SSP 28.46 32.17 56.89 3136 71.65| 107.61 2543 3599 23.87 58.65 22.46 3473 63.56 45.67 7421 31.41 25.85 48.65 2547 68.99
BlockPruner 35.54 30.55 54.18 2587 69.48| 18093 2449 3210 2342 5593| 201.71 3532 49.15 3504 7345 58.81 2423 41.01 2292 66.00
EvoPress 33.27 31.74 5279 26.76 6991 13591 23.63 32.00 2338 55.82 23.62 3524 61.15 35.07 7497 45.20 2372 4279 23.00 66.16
Window-Based | 1.18210° 37.03 51.61 5250 66.97| 169.15 24.06 32.86 2342 56.69 37.75 2995 51.76 25.63 7040 | 2.11x10* 24.40 3642 2298 55.28
ShortGPT 124.40 2244 3348 23.00 59.30| 53406 2543 3245 2293 5501 78.47 2338 3500 2349 59.68 | 5.37x10" 29.18 2576 25.64 48.69
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 72.27 2696 42.02 2595 64.64| 11531 2519 3525 23.14 5794 51.50 38.05 5991 36.71 7247 74.73 25.58 45.89 24.00 66.49
pruning 30%

TADP (ours) 46.92 30.46 5259 2335 68.99| 147.60 2474 3407 23.02 57.73 30.94 32.08 57.17 24.06 70.57 61.66 23.89 4292 2329 63.17
CFSP 52.73 2645 44.87 2641 6540| 15698 22.87 32.56 23.24 56.09 32.16 29.86 53.91 3232 69.80 66.08 22770 40.17 22.83 61.97
2SSp 42.96 27.13 4891 29.80 68.55| 130.52 2543 33.94 2296 5745 31.86 30.80 56.30 33.83 70.08 58.02 23.63 39.07 2375 63.71
BlockPruner 67.95 2679 43.64 2330 6257| 31647 2406 2941 24.06 55.06| 222.66 31.57 44.05 2645 71.27| 13858 23.98 34.58 2295 60.94
EvoPress 67.76 28.84 4356 23.05 6322| 27421 2398 29.61 22.89 54.68 34.84 3225 51.87 2433 7035 83.53 23.55 3731 2299 61.86
Window-Based | 3.80x10° 33.28 44.42 50.85 63.71| 82330 2534 2656 2547 51.20 48.90 28.16 46.16 2371 69.48| 5.93210° 26.02 33.03 2637 54.68
ShortGPT 36292 21.16 29.04 22.89 56.58| 2.12210° 24.32 27.97 25.66 52.83 129.83  21.84 3237 23.69 58.16| 6.28z10° 29.35 2579 2576 48.62
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 14579 2440 35.00 2352 59.14| 142.16 2491 33.54 2344 5734| 10042 3038 50.75 2897 68.77| 19246 2398 3529 23.07 60.07
pruning 40%

TADP (ours) 70.97 2491 39.25 2295 6355| 181.08 24.57 3232 23.15 5555 43.62 26.88 47.34 2294 6832| 172.67 2406 35.64 2324 5501
CFSP 109.29 2432 3578 23.19 59.41| 202.10 2278 30.81 23.02 5533 46.88 22.87 4459 2795 6474| 201.38 2398 31.23 2290 55.06
2SSp 72.28 2270 41.15 2293 62.68 173.47 2329 31.78 23.43 55.60 44.33 26.28 48.58 2332 67.68 12898 2295 3231 2341 59.85
BlockPruner 128.05  25.77 34.67 2321 59.14| 44141 2423 28.68 2354 54.08| 31936 25.85 37.57 24.01 65.07| 307.78 2235 29.97 2295 57.34
EvoPress 135.02  25.00 34.68 2327 60.55| 45694 23.12 27.38 2535 5239 59.05 25.68 4240 23.11 67.08| 199.30 2295 30.68 2295 57.56
Window-Based | 1.40210" 32.08 38.10 53.88 59.36| 4.80z10% 27.82 26.19 2295 50.49 80.16 25.77 38.69 25.18 63.76 | 2.49x10° 25.85 29.53 23.10 52.77
ShortGPT 1.74210° 25.51 26.53 24.81 52.67| 2.98z10° 24.66 2647 2373 51.69| 17896 21.50 3244 2426 5843 | 5.7x10° 28.92 2548 2589 48.75
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 39638 23.89 29.08 24.15 55.77| 18641 24.15 32.10 23.74 57.07| 29831 2568 39.59 2496 61.48| 6.54210° 2645 27.08 24.13 54.03
pruning 50%

TADP (ours) 181.25 2398 32.17 22.86 56.91| 277.48 24.23 3049 2297 54.84 64.05 23.89 40.87 22.96 63.98| 3.14x10° 27.82 2648 23.71 5201
CFSP 182.74 2235 31.09 2292 55.88| 29445 24.66 29.27 2290 53.86 64.13 2321 3899 23.10 61.59| 6.32210° 27.05 25.59 24.48 50.60
2SSP 120.63 2244 3423 2295 60.07| 30847 23.63 29.50 23.14 54.19 64.58 24.83 41.53 2294 6240| 307.68 2295 27.84 2334 5435
BlockPruner 24095 2449 3154 23.12 55.17| 721.99 23.63 27.58 23.82 53.75| 642777 2534 3283 23.06 58.54| 580.56 22.78 27.83 2295 5495
EvoPress 287.09 2500 31.92 2422 56.58| 62034 2534 27.14 2587 5424| 13638 23.12 34.80 23.89 60.12| 5.14210° 26.54 2642 24.54 5027
Window-Based | 4.88z10" 23.92 33.78 23.89 54.57| 3.31210° 26.19 2592 2297 49.51 17879 23.04 32.77 2534 5947| 2.85z105 25.26 2832 22.89 51.90
ShortGPT 6.23210% 24.83 26.07 2585 51.31| 6.40210° 26.11 2579 22.88 51.03| 22567 21.93 31.25 24.12 57.73| 6.86210" 28.16 2548 2540 48.80
SliceGPT — — — — — — — — — — — — — — — — — — — —
SiRE 1.60210° 24.74 27.50 25.69 51.74| 29496 2457 30.80 23.89 5598 | 57539 2440 3337 23.87 57.18| 5.89x10* 2333 26.14 2222 51.58

Table 7: 3B models: structured pruning at 10%, 20%, 30%, 40%, and 50% of reduction. PPL = perplexity on
WikiText-2 ({); ARC, HellaSwag (HS), MMLU, PIQA = zero-shot accuracy (1).
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‘ LLaMA 8B Mistral 7B Qwen 7B Minerva 7B
‘ Perplexity] Accuracyt Perplexity Accuracyt Perplexity| Accuracy Perplexity| Accuracy

Method ‘WikiTexl—Z ARC HS MMLU PIQA‘WikiTexl—Z ARC HS MMLU PIQA‘WikiText—Z ARC HS MMLU PIQA‘WikiText—Z ARC HS MMLU PIQA
Baseline ‘ 13.33 5341 79.19 62.17 80.79‘ 11.28 54.01 81.05 59.61 82.15‘ 12.07 51.02 7892 71.95 7‘).82‘ 12.54 4829 73.15 40.61 7835
pruning 10%

TADP (ours) 16.24 4539 7630 51.84 79.49 14.41 46.59 78.27 4828 81.34 14.44 49.57 77.85 6532 79.82 14.10 44.88 70.26 34.60 7824
CFSP 17.39 46.50 74.03 51.37 78.40 14.30 4497 76.67 5023 80.41 14.31 50.17 75.78 6545 79.22 14.09 4437 6945 37.01 7791
2SSp 16.50 48.04 7585 5549 79.54 14.50 47.18 77.69 5320 80.41 13.89 46.25 77.36 66.84 79.49 13.59 46.50 70.71 36.48 76.66
BlockPruner 19.84 42.58 7039 39.88 76.50 15.41 44.80 7521 4450 79.05 15.53 4531 71.44 5555 7840 15.01 43.34 69.62 3782 76.77
EvoPress 17.87 4292 71.97 5040 77.53 13.92 4590 7641 40.19 80.09 13.73 44.88 73.67 57.03 79.33 14.49 4394 7030 40.74 75.68
Window-Based 30.50 48.04 7359 60.96 76.33 14.73 3831 71.86 2747 78.73 21.41 5111 68.09 51.74 7470 14.69 4326 69.88 40.19 76.28
ShortGPT 30.50 48.04 7359 60.96 76.33 16.42 38.99 6332 2350 76.93 17.69 52.82 73.10 60.51 79.22 14.69 4326 69.88 40.19 76.28
SliceGPT 430.94  47.18 75.01 43.08 78.62 21.81 4531 7641 5136 79.92 — — — — — — — — — —
SiRE 2541 44.88 71.96 4427 7633 16.45 50.00 73.25 53.10 79.11 72.42 46.93 69.87 60.28 72.31 22.03 4232 67.05 3594 7535
pruning 20%

TADP (ours) 21.35 37.63 7126 41.61 77.58 19.25 38.74 7220 43.18 78.89 19.58 4349 72.62 5471 77.69 17.33 41.47 6643 29.40 76.66
CFSP 23.10 37.54 66.61 4281 74.37 19.24 37.46 69.03 3786 77.69 19.42 38.74 69.18 58.13 7530 17.23 39.42 6544 3249 7519
2SSP 21.56 38.05 69.72 46.65 77.04 18.73 3891 7020 4234 78.18 17.54 39.59 7244 59.81 77.80 17.03 4334 6695 32.67 76.61
BlockPruner 29.53 3558 6129 33.07 71.49 22.72 39.51 69.85 36.51 7579 37.96 39.42 6439 27.83 76.33 19.02 39.76 66.43 3505 74.70
EvoPress 23.19 35.67 6250 24.53 7421 18.43 3729 69.84 29.02 76.17 19.78 42.83 68.09 38.69 76.61 19.68 39.33 66.84 40.85 7291
Window-Based | 1680.26  29.35 33.21 35.08 59.03 40.74 31.74 5587 2326 69.21 29.19 36.26 60.58 28.17 73.12 19.65 41.55 66.27 39.37 73.07
ShortGPT 103.13 4232 64.86 59.20 70.95 26.29 2841 55.86 23.12 69.70 30.01 40.27 57.97 3835 7214 19.65 41.55 66.27 39.37 73.07
SliceGPT 67.17 36.60 67.55 2844 7492 35.89 37.63 6820 37.44 76.61 — — — — — — — — — —
SiRE 38.84 3549 6251 3022 7372 21.17 4096 66.28 42.86 76.50| 12344  41.55 63.52 52.55 6834 28.26 38.57 6344 30.71 73.29
pruning 30%

TADP (ours) 30.87 35.58 63.70 25.67 76.06 26.65 32.00 64.04 23.10 75.19 26.27 34.13 64.56 32.09 73.78 22.88 36.69 6120 26.66 73.88
CFSP 32.38 30.97 56.26 3047 71.60 27.63 29.86 58.37 2442 7291 27.13 29.78 59.39 4891 71.16 23.06 35.84 59.49 2946 7236
2SSp 31.16 31.66 5873 2923 73.07 25.36 30.29 60.56 3230 72.74 24.18 3294 65.55 47.76 73.18 27.98 3823 61.84 29.61 74.16
BlockPruner 47.71 31.31 53.83 2730 67.19 39.19 32.51 57.68 26.88 70.73 96.23 32.08 51.53 26.14 69.86 26.78 34.64 59.58 30.15 7127
EvoPress 34.95 31.57 5453 2579 69.48 27.18 31.06 59.10 2333 71.22 2422 3242 5511 2646 71.22 24.45 33.11 5724 2489 71.22
Window-Based | 3521.38  30.46 33.33 36.71 60.88| 269.99 28.07 34.66 23.14 56.58 40.78 29.61 5239 2347 69.10 29.47 3473 61.70 37.59 67.85
ShortGPT 3521.38 3046 33.33 3671 60.88 95.26 2491 3400 2320 60.01| 216.63 2585 32.78 23.62 57.67 30.73 3549 60.61 36.98 70.40
SliceGPT 88.37 29.01 5595 12342 69.86 52.76 29.01 55.74 26.07 70.57 — — — — — — — — — —
SiRE 64.66 33.53 53.17 2731 69.53 32.45 3370 57.00 26.88 71.33| 20892 3729 5578 39.00 66.54 39.82 36.52 58.89 31.37 71.00
pruning 40%

TADP (ours) 44.42 2824 5272 2292 70.95 37.10 2892 52.80 2292 7035 36.17 2773 5432 2323 69.86 33.45 31.23 5430 2428 70.46
CFSP 49.94 26.71 4478 23.89 6529 42.66 24.06 46.16 2295 66.54 38.06 2432 4893 39.79 6730 3523 2892 5147 2421 67.19
2SSp 45.99 27.99 49.71 27.11 69.26 37.66 25.77 50.02 2295 68.55 34.17 25.60 56.64 30.86 69.59 68.84 30.29 51.98 25.82 6872
BlockPruner 121.13  27.82 44.17 2598 60.94 81.27 2722 4455 2549 6398| 17621 2645 37.02 26.00 5947 38.57 29.95 5329 27.65 69.31
EvoPress 74.48 28.16 44.36 2322 62.89 56.61 2995 51.06 26.73 65.40 55.98 28.16 43.60 2522 64.85 39.29 27.22 47.87 24.11 66.81
Window-Based | 9842.24  29.78 37.86 3447 59.74| 1150.68 28.92 2573 2443 50.82 94.92 25.68 4036 26.18 6338 | 189.35 29.35 45838 19.95 62.84
ShortGPT 1462.41  28.67 3453 2573 57.62| 1643.57 25.68 2570 23.67 49.73| 502.57 23.63 30.23 24.70 54.68| 189.35 2935 4588 1995 62.84
SliceGPT 18530 2338 4278 2287 63.44 89.12 2534 4246 23.14 62.68 — — — — — — — — — —
SiRE 157.23 2892 4325 2398 65.02| 10030 2850 47.86 23.55 63.71| 309.74 32.18 48.12 2859 62.30 58.66 32.25 53.00 27.00 67.63
pruning 50%

TADP (ours) 86.29 25.09 39.64 2293 63.60 55.40 24.83 42.63 2296 63.76 48.07 24.57 47.58 2295 66.81 61.50 26779 45.05 2413 64.80
CFSP 90.81 21.33 3449 2272 59.14 74.82 2278 36.81 2296 60.17 51.97 2346 4220 30.84 64.36 63.33 2773 41.67 23.69 63.55
2SSP 76.40 2423 39.66 26.02 64.64 56.85 2235 4076 2294 6344 48.84 23.55 46.06 2299 6643 | 182.08 2679 44.60 26.19 66.21
BlockPruner 386.76  24.83 3375 2421 57.13| 26270 25.68 36.11 2501 57.24| 406.72 2423 3298 2527 5571 62.53 25.26 41.18 2455 62.02
EvoPress 179.11 2321 33.63 23.05 59.96| 13499 27.05 38.06 22.62 58.00| 107.65 23.72 36.27 23.10 59.41 70.83 2594 40.59 2455 60.94
Window-Based | 1051.16  21.84 28.59 23.05 53.65| 3576.05 29.01 2575 24.83 50.65| 4287395 26.71 26.71 2531 51.85| 86341 30.80 47.57 2283 62.57
ShortGPT 3740.73  27.82 28.81 23.05 53.97| 665626 28.58 25.60 24.65 50.98| 774.18 2440 28.85 2344 54.84| 603.12 31.74 47.34 3566 63.66
SliceGPT 327.57  21.67 3491 22.89 59.03| 139.87 2227 34.68 2297 5691 — — — — — — — — — —
SiRE 479.17 2534 36.72 2391 61.04| 556.02 2739 3599 23.10 56.26| 533.30 26.88 39.22 23.82 5571 96.56 2875 4698 2332 6442

Table 8: 7B/8B models: Structured pruning at 10%, 20%, 30%, 40%, and 50% of reduction. PPL = perplexity on
WikiText-2 ({); ARC, HellaSwag (HS), MMLU, PIQA = zero-shot accuracy (1).

39236



Model Method(s) Nominal target
10% 20% 30% 40% 50%
TADP/CFSP 9.40 18.80 28.20 37.60 43.87
LLaMA-3.2-3B ShortGPT / Window-Based 9.40 18.80 28.20 37.60 43.87
aMIA-3.2- BlockPruner / EvoPress 9.40 18.80 28.20 37.60 43.87
2SSP 877 17.55 2632 35.09 43.87
TADP/CFSP 13.16 19.74 32.89 3947 46.05
Ministral-3B-Instruct ShortGPT / Window-Based 13.16 19.73 32.89 39.47 46.05
BlockPruner / EvoPress 13.16 19.73 32.89 39.47 46.05
2SSP 921 18.42 27.63 36.84 46.04
TADP/CFSP 9.99 19.98 27.47 37.46 44.96
Qwen2.5-3B ShortGPT / Window-Based 9.99 19.98 27.47 37.47 44.96
: BlockPruner / EvoPress 9.99 19.98 2747 37.46 44.96
2SSP 9.00 17.98 26.98 3597 44.96
TADP/CFSP 11.78 20.61 29.44 38.27 47.10
Minerva-3B ShortGPT / Window-Based 11.78 20.61 29.44 3827 47.10
BlockPruner / EvoPress 11.77 20.61 29.44 38.27 47.10
2SSP 942 18.84 28.26 37.68 47.10
TADP/CFSP 10.87 19.01 27.16 35.31 43.46
LLaMA-3-8B ShortGPT / Window-Based 10.86 19.01 27.16 35.31 43.46
alviA-3- BlockPruner / EvoPress 10.86 19.01 27.16 35.31 43.46
2SSP 8.69 17.38 26.07 34.77 43.46
SliceGPT -1.39 10.09 21.31 32.27 4297
TADP/CFSP 12.05 21.08 30.12 39.15 48.19
Mistral-7B ShortGPT / Window-Based 12.05 21.08 30.12 39.15 48.19
1stral- BlockPruner / EvoPress 1205 21.08 30.12 39.15 48.19
2SSP 9.64 19.28 2891 38.55 48.19
SliceGPT -2.10 10.09 21.99 33.61 4493
TADP/CFSP 9.18 18.36 27.54 36.72 42.84
Q 2.5-7B ShortGPT / Window-Based 9.18 18.36 27.54 36.72 42.84
wenz.o- BlockPruner / EvoPress 9.18 1836 27.54 36.72 42.84
2SSP 857 17.14 2571 3427 42.84
TADP/CFSP 11.79 20.64 29.48 38.32 47.17
Mi 7B ShortGPT / Window-Based 11.79 20.63 29.48 38.32 47.17
1nerva- BlockPruner / EvoPress 11.79 20.63 29.48 3832 47.16
2SSP 943 18.87 2830 37.73 47.17

Table 9: Effective fraction of total model parameters removed (%) at each nominal target
from the parameter counts of the dense and structurally pruned models. Small differences between methods reflect
their distinct pruning spaces and architectural granularities. SliceGPT is reported only for supported architectures.
At the lowest slicing level, negative reductions indicate that the resulting SliceGPT representation contains slightly
more registered parameters than the original dense model.
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Figure 3: Accuracy retention heatmap across pruning methods and model architectures. Values represent the average
retained zero-shot accuracy relative to the corresponding unpruned baseline. Dark red indicates performance close
to the original baseline, while dark blue corresponds to larger accuracy degradation.
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Figure 4: Perplexity degradation heatmaps across pruning methods and model architectures at different pruning
levels. Values are computed as logy, (PPLy,yned/PPLpgseline ), Where lower values indicate smaller degradation
relative to the original model. Dark blue corresponds to perplexity values closer to the baseline, while dark red
indicates stronger degradation after pruning.
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