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Abstract

Large language models are known to contain
representational redundancy across network
depth, making depth pruning an effective ap-
proach for improving inference efficiency. Ex-
isting one-shot pruning methods rely on lo-
cal layer importance or fixed redundancy as-
sumptions across architectures. We propose
Locality-Aware Redundancy Pruning (LoRP),
a training-free one-shot depth pruning frame-
work guided by representation locality. We
show that inter-layer redundancy can be either
localized or globally distributed depending on
the LLM architecture. To characterize this phe-
nomenon, we introduce Representation Local-
ity Score (RLS), derived from global inter-layer
hidden-state similarity. Using a small calibra-
tion set, LoRP computes pairwise layer similar-
ity, clusters layers by representational similar-
ity, and allocates pruning according to residual
intra-cluster redundancy. Experiments across
diverse LLM families show improvements in
both perplexity and downstream task accuracy.

1 Introduction

Large language models (LLMs) have achieved re-
markable performance across a wide range of rea-
soning and language understanding tasks (Brown
et al., 2020; Touvron et al., 2023; Dubey et al.,
2024). However, these advances come with sub-
stantial computational and memory costs due to the
extreme depth and overparameterization of modern
Transformer architectures (Vaswani et al., 2017).
Consequently, improving inference efficiency has
become an increasingly important research direc-
tion (Zhu et al., 2024). Among various compres-
sion techniques, layer-wise pruning is particularly
attractive because removing entire Transformer
blocks directly reduces both inference latency and

†These authors contributed equally. ∗Corresponding au-
thor

memory usage (Song et al., 2024; Men et al., 2025).
Layer-wise pruning is also useful for compressing
a fixed pretrained checkpoint. It provides flexible
intermediate model sizes without retraining when
a suitable smaller dense counterpart with the same
architecture and training recipe is unavailable.

Recent studies have shown that many Trans-
former layers can be removed with relatively small
performance degradation (Men et al., 2025; Kim
et al., 2024), suggesting significant redundancy
across network depth. Existing one-shot depth
pruning methods commonly rely on fixed prun-
ing priors. Local-importance based methods (Men
et al., 2025; Kim et al., 2024) estimate redundancy
from isolated layer scores, while contiguous simi-
larity based methods (Chen et al., 2025; Gromov
et al., 2025) assume that redundancy is concen-
trated within adjacent depth regions. However, our
inter-layer similarity analysis (Sec. 3) shows that
redundancy can be either localized or globally dis-
tributed across depth depending on the architecture.
This suggests that effective depth pruning should
be guided by global, architecture-dependent rep-
resentation geometry rather than by isolated layer
scores or fixed contiguous regions.

To this end, we propose Locality-Aware Redun-
dancy Pruning (LoRP), a training-free, one-shot
depth pruning framework guided by the represen-
tation locality of each LLM architecture. Using a
small calibration dataset, LoRP computes pairwise
cosine similarity between Transformer layer acti-
vations and estimates representation locality using
the Representation Locality Score (RLS), a metric
derived from global inter-layer hidden-state sim-
ilarity. Guided by the RLS, LoRP partitions the
network into clusters of representationally similar
layers (Ng et al., 2001; von Luxburg, 2007) and
allocates the pruning budget through a two-stage
procedure: it first distributes removals across clus-
ters, then assigns the remaining budget according
to residual redundancy. This produces pruning pat-
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terns that reflect the redundancy structure of each
architecture.

Experiments across diverse LLM families show
that LoRP consistently improves both perplexity
and downstream reasoning performance under no-
recovery pruning settings. More broadly, our find-
ings suggest that redundancy in large language
models is architecture-dependent and emerges as
a structured property of representation geometry
across network depth.
Our contributions are summarized as follows:

• We show that representation locality differs
substantially across LLM families, with some
architectures exhibiting localized redundancy
while others exhibit more globally distributed
representational similarity across depth.

• We introduce the Representation Locality
Score (RLS), a simple metric that quanti-
fies representation locality from inter-layer
hidden-state similarity.

• We propose Locality-Aware Redundancy
Pruning (LoRP), a training-free, one-shot
depth pruning framework that clusters layers
by representational similarity and allocates
pruning according to each architecture’s re-
dundancy structure.

• We show that LoRP consistently improves
both perplexity and downstream reasoning
across diverse LLM families without any post-
pruning recovery.

2 Related works

Pruning paradigms. LLM pruning methods are
broadly divided into unstructured and structured
pruning. Unstructured pruning removes individ-
ual weights (Sun et al., 2024; Frantar and Alistarh,
2023; Li et al., 2023; Yun, 2024), but often re-
quires specialized kernels for practical speedups.
Structured pruning instead removes architectural
components such as attention heads, hidden dimen-
sions, or Transformer blocks, producing smaller
dense models that remain efficient on standard hard-
ware. Among these approaches, depth pruning
is particularly attractive because removing Trans-
former blocks directly reduces inference latency
and memory usage (Song et al., 2024).
Structured and one-shot depth pruning. Existing
structured pruning methods remove architectural
components using importance criteria derived from

weights (Ma et al., 2023), activations (An et al.,
2024; Ashkboos et al., 2024), or gradients (Xia
et al., 2024). Width pruning often requires ad-
ditional fine-tuning or distillation (Muralidharan
et al., 2024), whereas depth pruning preserves the
original Transformer structure and tensor shapes,
making it suitable for training-free compression.

Recent one-shot depth pruning methods primar-
ily rely on local importance estimation or con-
tiguous redundancy assumptions. ShortGPT (Men
et al., 2025) uses Block Influence scores, while
Shortened LLaMA (Kim et al., 2024) and Gromov
et al. (Gromov et al., 2025) evaluate isolated layer
removal effects. LLM-Streamline (Chen et al.,
2025) removes contiguous depth regions using
boundary activation similarity. Recent work also
suggests that redundancy depends on the calibra-
tion objective rather than a universal layer rank-
ing (Kim et al., 2026).

These methods generally assume similar redun-
dancy structures across architectures. However,
our study shows that representation locality dif-
fers substantially across LLM families, motivating
architecture-dependent pruning behavior.

3 Preliminary

3.1 Problem Setup
Let fθ = fN ◦ fN−1 ◦ · · · ◦ f1 denote a pretrained
decoder-only Transformer consisting of N sequen-
tial Transformer blocks, where fl represents the
l-th block and θ denotes the full parameter set.

Given a target pruning budget k ≪ N , the ob-
jective of depth pruning is to identify a subset of
removable layers

P ⊆ {1, . . . , N}, |P| = k, (1)

such that the resulting compressed model fθ\P pre-
serves the functional behavior of the original net-
work while reducing inference-time computation
and memory cost.

Formally, the ideal pruning objective can be writ-
ten as

P∗ = arg min
P⊆{1,...,N}

|P|=k

L
(
fθ, fθ\P

)
, (2)

where L(·, ·) measures the functional discrepancy
between the original and pruned models.

Since directly solving this objective is computa-
tionally intractable, practical training-free pruning
methods instead rely on proxy redundancy mea-
sures to estimate removable layers.
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Figure 1: Pairwise inter-layer hidden-state cosine similarity matrices S for five pre-trained LLMs. For each model,
input hidden states from every Transformer block are collected using forward hooks over 128 calibration sequences
from C4 with sequence length 2048. Each entry Sij denotes the mean per-token cosine similarity between the input
representations of layers i and j.

Normalized layer distance

M
ea

n
 c

o
si

n
e

 s
im

ila
ri

ty
 a

t 
d

is
ta

n
ce

 d

Figure 2: Mean inter-layer hidden-state cosine similar-
ity as a function of normalized layer distance. For each
model, Sij denotes the mean per-token cosine similar-
ity between the input hidden states of layers i and j,
computed from 128 calibration sequences from C4. The
x-axis represents normalized layer distance, and the y-
axis shows the mean cosine similarity between all layer
pairs separated by the corresponding distance.

3.2 Motivational Observation

Existing training-free depth-pruning methods typi-
cally assume similar redundancy structures across
architectures, relying either on isolated layer impor-
tance or contiguous redundancy assumptions. How-
ever, we observe that representation locality differs
substantially across LLM families. As shown in
Figure 1 and Figure 2, Qwen models exhibit more
globally distributed inter-layer similarity, whereas
Llama, OLMo, and Mistral show more localized
redundancy across depth.

These observations suggest that effective prun-
ing behavior should depend on the representation
locality of each architecture rather than a fixed re-
dundancy assumption. Motivated by this, we model
redundancy through global inter-layer representa-
tion similarity and design a pruning framework that
adaptively allocates pruning according to the local-

ity structure of each model. We next describe how
this principle motivates our method.

4 Method

We now introduce Locality-Aware Redundancy
Pruning (LoRP), a training-free one-shot depth
pruning framework motivated by the architecture-
dependent representation locality discussed in Sec-
tion 3.2. Figure 3 illustrates the overall LoRP work-
flow. LoRP first measures global inter-layer sim-
ilarity, then partitions layers into representational
clusters, and finally allocates the pruning budget
through a two-stage redundancy-aware procedure.

4.1 Inter-Layer Similarity and Locality
Activation Similarity Measurement. Let D =
{xm}Mm=1 denote an unlabeled calibration corpus.
For every Transformer block fl, we attach a for-
ward hook and collect the input hidden-state ac-
tivations. For token position t in sample xm, let
hl,m,t ∈ Rd denote the hidden representation enter-
ing layer l.

We normalize each token representation as

ĥl,m,t =
hl,m,t

∥hl,m,t∥2 + ϵ
, (3)

where ϵ > 0 is a small numerical constant.
We then compute the pairwise layer similarity

matrix S ∈ RN×N by averaging token-wise cosine
similarity across the calibration corpus:

Sij =
1

∑M
m=1 Tm

M∑

m=1

Tm∑

t=1

ĥ⊤
i,m,tĥj,m,t, (4)

where Tm denotes the sequence length of sample
xm.

A larger value of Sij indicates that layers i and
j process highly similar residual-stream represen-
tations over the calibration distribution. High sim-
ilarity does not necessarily mean that two layers
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Figure 3: Overview of LoRP. (1) Input hidden states are collected from every Transformer block using a small
calibration set. (2) The full inter-layer similarity matrix S captures pairwise representation structure across depth.
(3) RLS summarizes global representation locality and selects the clustering granularity K. (4) Spectral clustering
partitions layers using the full affinity matrix A = (S + 1)/2 and the selected K. (5) Stage 1 uses layer-level
redundancy computed from S to initialize the pruning set with up to one layer per cluster. Stage 2 allocates the
remaining budget using residual cluster- and layer-level redundancy computed from S.

perform the same function. Instead, it indicates
overlap in their hidden representations. We use this
overlap as a signal for redundancy-aware pruning.
This similarity score will be used to characterize
representation locality and to partition layers into
representational clusters in the following subsec-
tions.

Representation Locality Score (RLS). To char-
acterize architecture-dependent representation lo-
cality, we define the Representation Locality Score
(RLS), which measures the global average inter-
layer similarity.

We first define the global off-diagonal similarity
mean:

S̄off =
2

N(N − 1)

∑

i<j

Sij . (5)

We then define RLS as

RLS(S) = − log2 S̄off . (6)

A larger RLS indicates that inter-layer similar-
ity decays more rapidly across depth, suggesting
that redundancy is concentrated within localized
regions of the network. Conversely, a smaller RLS
reflects stronger global inter-layer similarity and
more broadly distributed redundancy across depth.

We use the global off-diagonal mean rather than
only near-diagonal similarity so that RLS measures
representation locality without assuming a specific
redundancy structure across depth. Restricting the

Model # Layers RLS

Llama-3.1-8B 32 1.149
Olmo-3-7B 32 0.941
Mistral-Nemo-12B 40 0.926
Qwen3-8B 36 0.685
Qwen3-14B 40 0.644

Table 1: Representation Locality Score (RLS) across
different LLM families. Higher RLS indicates more
localized representation similarity across depth.

measurement to near-diagonal entries may bias the
metric toward more localized similarity patterns,
whereas aggregating across all layer pairs provides
a broader measure of global inter-layer similarity.
Importantly, RLS is intended as a scalar summary
rather than a complete descriptor of the similarity
matrix topology. In LoRP, RLS is used only to se-
lect the clustering granularity K, while the actual
layer partition and pruning scores are computed
from the full similarity matrix S. Consequently,
two models with identical RLS values but differ-
ent similarity structures may still produce different
clusters and pruning decisions.

4.2 Layer Clustering
Using the inter-layer similarity matrix S and the
Representation Locality Score (RLS) defined in
Section 4.1, we partition the layers into represen-
tational clusters. The similarity matrix S provides
the pairwise structure for grouping representation-
ally similar layers, while RLS controls the parti-
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tion granularity. Since cosine similarity may con-
tain negative values, we first convert S into a non-
negative affinity matrix:

A =
S+ 1

2
. (7)

We then apply spectral clustering with precom-
puted affinity to partition the layers into K disjoint
representational clusters C = {C1, C2, . . . , CK}.

Clusters are re-indexed according to first-
occurrence depth so that earlier clusters receive
smaller indices. The partition granularity is guided
by RLS: lower RLS encourages finer-grained parti-
tioning that spreads pruning decisions across depth,
whereas higher RLS uses coarser partitioning con-
centrated within redundant regions. Spectral clus-
tering further allows the partition to reflect non-
adjacent representational similarity without assum-
ing layer contiguity.

4.3 Redundancy-Aware Pruning
Intra-Cluster Redundancy Estimation. Given
the representational partition C, we estimate the
redundancy of each layer relative to the remaining
members of its cluster.

For a layer l ∈ Ck, we define the intra-cluster
redundancy score as

r(l) =
1

|Ck| − 1

∑

m∈Ck
m̸=l

Slm. (8)

Layers with larger redundancy scores exhibit
stronger representational overlap with other mem-
bers of the same cluster and are therefore more
likely to be removable with limited functional dis-
ruption. Within each cluster, layers are sorted in de-
scending order of redundancy: r(l(1)k ) ≥ r(l

(2)
k ) ≥

· · · where l
(j)
k ∈ Ck. Following prior observations

in depth pruning, we exclude the boundary layers
B = {1, N} from the pruning candidate set.

Two-Stage Allocation. LoRP performs pruning
using a two-stage redundancy allocation strategy
that balances representational coverage with resid-
ual redundancy estimation.
Stage 1: Coverage-aware initialization. Rather
than concentrating pruning decisions within a sin-
gle highly redundant region, we first encourage
representational coverage across clusters. For each
cluster, we identify its most redundant eligible
layer:

l∗k = arg max
l∈Ck\B

r(l), (9)

and construct an initial candidate pool P0 =⋃K
k=1{l∗k}. If the pruning budget is smaller than the

number of clusters, we retain only the top-ranked
candidates according to intra-cluster redundancy.
Stage 2: Residual redundancy allocation. Start-
ing from the initialized pruning set P ← P0, we
iteratively allocate the remaining pruning budget
according to residual cluster redundancy.

For cluster Ck, let C̃k = Ck \ P \ B denote the
remaining eligible members. We define the residual
redundancy of cluster Ck as the mean pairwise
similarity among its remaining eligible layers:

µk =
2

|C̃k|(|C̃k| − 1)

∑

i,j∈C̃k
i<j

Sij . (10)

if |C̃k| < 2, we set µk = −∞.
At each iteration, we select the cluster with the

largest residual redundancy k∗ = argmaxk µk,
and prune the most redundant remaining layer from
that cluster:

l∗ = arg max
l∈C̃k∗

r(l). (11)

The pruning set is updated as P ← P ∪ {l∗},
until the target pruning budget is reached.

The two-stage design avoids pruning collapse
into a single cluster while adaptively updating re-
dundancy after each pruning step. As a result,
architectures with localized redundancy naturally
continue pruning within the same cluster, whereas
architectures with distributed redundancy tend to
spread pruning decisions across multiple clusters.

5 Experimental Results

5.1 Experimental Setup
Benchmarks. We evaluate LoRP on
nine zero-shot reasoning benchmarks:
ARC-Easy and ARC-Challenge (Clark et al.,
2018), HellaSwag (Zellers et al., 2019),
WinoGrande (Sakaguchi et al., 2019), BoolQ (Clark
et al., 2019), OpenbookQA (Mihaylov et al., 2018),
RTE (Dagan et al., 2005), COPA (Roemmele et al.,
2011), and RACE (Lai et al., 2017), using the
lm-evaluation-harness (Gao et al., 2024). For
perplexity evaluation, we report results on C4 (Raf-
fel et al., 2020), WikiText-2 (Wiki) (Merity
et al., 2017) and Penn Treebank (PTB) (Marcus
et al., 1993) using sequence length 2048.
Models. We evaluate LoRP on five open-source
LLMs: LLaMA-3.1-8B (Dubey et al., 2024),
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Lp/Lt Lp/Lt

Method Wiki C4 PTB AVG ↓ Wiki C4 PTB AVG ↓

LLaMA-3.1-8B 7/32 9/32

Dense 6.24 8.68 10.58 8.50 6.24 8.68 10.58 8.50
ShortGPT 63.42 69.64 68.58 67.21 ≥2000 ≥2000 ≥2000 ≥2000
LaCo 77.82 66.82 88.05 77.56 1960.11 253.83 602.81 938.92
LLM-Streamline ≥2000 1173.53 ≥2000 ≥2000 210.85 155.23 182.96 183.01
LoRP (ours) 27.88 35.41 62.56 41.95 155.11 124.82 175.79 151.91

OLMo-3-7B 7/32 9/32

Dense 9.92 15.70 17.40 14.34 9.92 15.70 17.40 14.34
ShortGPT 24.25 30.24 35.55 30.02 41.21 45.01 57.87 48.03
LaCo 21.84 27.63 39.81 29.76 46.23 43.02 81.58 56.94
LLM-Streamline 24.25 30.24 35.55 30.02 41.21 45.01 57.87 48.03
LoRP (ours) 18.66 25.85 29.94 24.82 29.27 35.39 57.40 40.69

Qwen3-8B 7/36 9/36

Dense 9.71 14.45 16.90 13.69 9.71 14.45 16.90 13.69
ShortGPT 230.98 88.73 468.29 262.67 1074.21 313.33 1776.87 1054.80
LaCo 270.75 83.03 215.04 189.61 1595.08 397.32 831.80 941.40
LLM-Streamline 217.45 83.00 386.89 229.11 1074.21 313.33 1776.87 1054.80
LoRP (ours) 22.18 27.38 34.22 27.92 213.19 66.99 174.73 151.64

Qwen3-14B 11/40 13/40

Dense 8.64 13.00 14.79 12.14 8.64 13.00 14.79 12.14
ShortGPT 122.11 112.97 594.40 276.50 1875.14 391.47 ≥2000 ≥2000
LaCo 823.83 688.82 1561.39 1024.68 ≥2000 1971.89 ≥2000 ≥2000
LLM-Streamline ≥2000 1612.04 ≥2000 ≥2000 ≥2000 ≥2000 ≥2000 ≥2000
LoRP (ours) 27.11 33.47 51.73 37.44 61.10 68.71 100.28 76.69

Mistral-Nemo-12B 11/40 13/40

Dense 5.75 9.09 26.70 13.85 5.75 9.09 26.70 13.85
ShortGPT 161.78 62.41 849.59 357.93 284.66 160.96 771.43 405.68
LaCo 66.70 63.83 199.77 110.10 110.71 90.23 468.07 223.01
LLM-Streamline 161.78 62.41 849.59 357.93 121.37 66.81 731.84 306.67
LoRP (ours) 22.86 26.49 103.24 50.86 111.13 97.22 411.07 206.47

Table 2: Perplexity (↓) on WikiText-2 (Wiki), C4, and Penn Treebank (PTB) after training-free depth pruning
without recovery. Avg. denotes the arithmetic mean across the three datasets, and Lp/Lt denotes the number of
pruned layers over the total number of Transformer blocks. Lower values indicate better preservation of language
modeling behavior after pruning. Values ≥ 2000 are capped for readability.

OLMo-3-7B (Olmo et al., 2025), Mistral-Nemo-
12B (Mistral AI, 2024), Qwen3-8B (Yang et al.,
2025), and Qwen3-14B (Yang et al., 2025).
Baselines. We compare LoRP against three
training-free depth pruning methods: Short-
GPT (Men et al., 2025), LLM-Streamline (Chen
et al., 2025), and LaCo (Yang et al., 2024).
Calibration and implementation. The pairwise
cosine similarity matrix S is estimated using 128 se-
quences of length 2048 sampled from C4. Based on
the ablation results in Section 5.5, we use an RLS-
guided clustering policy: RLS ≥ 1.0 uses K=2,
0.7 ≤ RLS < 1.0 uses K=3, and RLS < 0.7
uses K=4. We find that these RLS ranges con-
sistently correspond to different effective cluster-
ing granularities across evaluated models. Conse-
quently, we set K=2 for LLaMA-3.1-8B, K=3
for OLMo-3-7B and Mistral-Nemo-12B, and K=4
for Qwen3-8B,14B. A more detailed analysis of

K is provided in the ablation study in Section 5.5.
All experiments are conducted on a single NVIDIA
A40 48GB GPU. We additionally report the com-
putational cost reduction after depth pruning in
Appendix A.

5.2 Locality-Aware Pruning Improves
Perplexity (PPL)

Table 2 evaluates perplexity after training-free
depth pruning across different LLM architectures.
Across most evaluated models and pruning bud-
gets, LoRP achieves the lowest average perplexity
among competing pruning methods. The improve-
ment is particularly noticeable on Qwen models,
where inter-layer similarity remains more broadly
distributed across depth. In contrast, methods favor-
ing localized or contiguous pruning often exhibit
substantially larger perplexity degradation under
aggressive pruning budgets. Overall, the results
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Model Lp/Lt Method ARC-E ARC-C HellaS WinoG BoolQ OBQA RTE CoPa Race AVG ↑

L
L

aM
A

-3
.1

-8
B

0/32 Dense 81.31 53.50 78.90 73.72 82.02 44.80 69.68 87.00 39.23 67.79

7/32 LLM-Streamline 44.15 33.02 33.40 56.83 38.20 32.60 58.12 61.00 26.03 42.59
7/32 ShortGPT 58.29 42.15 64.93 68.27 62.02 34.60 69.31 80.00 34.35 57.10
7/32 LaCo 57.58 40.53 64.86 69.06 68.04 36.00 66.79 76.00 33.78 56.96
7/32 LoRP (Ours) 62.37 42.66 63.63 65.98 66.21 39.20 59.21 80.00 35.60 57.21

9/32 LLM-Streamline 49.83 37.80 56.03 65.98 58.87 32.80 67.15 69.00 30.24 51.97
9/32 ShortGPT 39.18 30.72 29.06 53.91 38.26 29.40 67.15 59.00 25.07 41.30
9/32 LaCo 49.07 36.09 51.99 63.30 65.05 35.20 68.23 71.00 31.77 52.41
9/32 LoRP (Ours) 52.82 38.23 55.93 63.14 56.48 32.20 62.82 75.00 31.96 52.06

O
L

M
o-

3-
7B

0/32 Dense 78.07 52.56 74.91 69.46 81.04 41.80 72.20 87.00 39.04 66.23

7/32 LLM-Streamline 65.74 42.06 61.60 67.17 73.36 36.00 70.04 77.00 35.60 58.73
7/32 ShortGPT 65.74 42.06 61.60 67.17 73.36 36.00 70.04 77.00 35.60 58.73
7/32 LaCo 67.09 39.93 62.84 66.93 70.12 35.60 68.23 75.00 36.46 58.02
7/32 LoRP (Ours) 74.33 45.31 63.67 64.40 70.40 33.80 70.76 84.00 36.75 60.38

9/32 LLM-Streamline 55.60 35.67 53.85 65.04 66.15 31.40 63.54 67.00 32.54 52.31
9/32 ShortGPT 55.60 35.67 53.85 65.04 66.15 31.40 63.54 67.00 32.54 52.31
9/32 LaCo 57.49 34.04 55.79 63.46 70.31 34.00 63.54 73.00 33.97 53.95
9/32 LoRP (Ours) 68.14 41.38 58.32 64.72 72.60 33.20 74.37 74.00 37.03 58.20

M
is

tr
al

-N
em

o-
12

B

0/40 Dense 81.61 58.02 82.79 73.48 85.26 47.20 65.34 91.00 41.82 69.61

11/40 LLM-Streamline 60.14 41.13 51.45 61.88 66.61 33.20 66.06 78.00 31.96 54.49
11/40 ShortGPT 60.14 41.13 51.45 61.88 66.61 33.20 66.06 78.00 31.96 54.49
11/40 LaCo 57.91 39.08 62.46 61.64 67.98 33.40 58.12 75.00 32.25 54.20
11/40 LoRP (Ours) 58.21 38.05 62.10 69.06 65.20 32.20 58.48 76.00 36.46 55.08

13/40 LLM-Streamline 50.67 35.49 49.90 66.93 69.79 31.80 55.96 64.00 31.39 50.66
13/40 ShortGPT 50.84 35.67 55.06 57.93 62.14 32.40 57.76 65.00 31.00 49.76
13/40 LaCo 53.87 35.24 57.70 60.14 63.91 32.80 60.65 70.00 31.48 51.76
13/40 LoRP (Ours) 52.95 37.20 57.35 60.69 63.43 31.40 57.04 68.00 31.29 51.04

Q
w

en
3-

8B

0/36 Dense 80.93 56.48 74.95 67.56 86.61 41.40 78.34 85.00 41.24 68.06

7/36 LLM-Streamline 51.98 37.97 55.24 60.22 82.60 33.40 78.34 55.00 31.87 54.07
7/36 ShortGPT 51.85 35.75 55.32 58.01 69.76 33.00 70.76 56.00 33.01 51.50
7/36 LaCo 56.57 38.74 54.01 59.59 81.38 35.20 80.51 63.00 33.40 55.82
7/36 LoRP (Ours) 59.30 38.65 55.29 61.96 75.32 33.00 75.81 75.00 35.50 56.65

9/36 LLM-Streamline 42.68 30.89 49.80 54.78 64.77 31.00 77.26 53.00 32.34 48.50
9/36 ShortGPT 42.68 30.89 49.80 54.78 64.77 31.00 77.26 53.00 32.34 48.50
9/36 LaCo 46.59 32.68 46.72 56.75 83.36 33.20 76.90 63.00 30.05 52.14
9/36 LoRP (Ours) 51.01 33.02 48.75 57.46 78.75 32.20 72.92 64.00 33.78 52.43

Q
w

en
3-

14
B

0/40 Dense 82.83 60.24 78.82 72.85 89.30 46.20 77.62 90.00 43.16 71.22

11/40 LLM-Streamline 41.71 31.91 44.91 55.64 63.24 30.80 53.07 68.00 29.28 46.51
11/40 ShortGPT 55.30 37.71 48.85 58.25 64.16 30.20 53.43 72.00 34.83 50.53
11/40 LaCo 45.33 31.74 39.54 56.43 76.15 29.00 60.29 62.00 27.85 47.59
11/40 LoRP (Ours) 64.02 38.23 54.50 60.06 70.03 34.40 54.51 64.00 35.79 52.84

13/40 LLM-Streamline 35.73 25.09 38.45 52.41 63.79 28.20 53.07 58.00 27.75 42.50
13/40 ShortGPT 44.15 30.72 44.13 53.83 63.00 30.40 53.43 65.00 31.87 46.28
13/40 LaCo 39.81 30.38 38.16 53.51 59.91 28.60 57.04 66.00 25.84 44.36
13/40 LoRP (Ours) 56.36 33.28 48.24 56.04 66.30 30.40 54.87 65.00 35.02 49.50

Table 3: Zero-shot accuracy (%) on nine commonsense reasoning benchmarks after training-free depth pruning
without recovery. AVG denotes the mean accuracy across all tasks, and Lp/Lt denotes the number of pruned layers
over the total number of Transformer blocks. Higher values indicate better preservation of downstream reasoning
performance after pruning.

suggest that guiding pruning behavior according
to architecture-dependent representation locality
helps preserve language modeling performance af-
ter depth pruning.

5.3 Locality-Aware Pruning Better Preserves
Downstream Accuracy

Table 3 evaluates downstream accuracy after
training-free depth pruning across different LLM
architectures. Compared to existing pruning meth-
ods, LoRP more preserves zero-shot reasoning per-
formance across pruning budgets. The difference
becomes particularly visible on architectures ex-
hibiting more globally distributed redundancy pat-
terns, such as the Qwen family, where localized or

contiguous pruning strategies often lead to larger
downstream degradation. Overall, the results sug-
gest that locality-aware pruning allocation helps
retain downstream generalization behavior after
depth pruning.

5.4 Architecture-Dependent Pruning Pattern
Analysis

Figure 4 visualizes the layer indices selected by dif-
ferent pruning methods across models and pruning
budgets. LoRP produces architecture-dependent
pruning patterns that reflect the representation lo-
cality of each model. For models with more local-
ized redundancy, such as LLaMA-3.1 and Mistral-
Nemo, LoRP tends to remove layers from concen-
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Figure 4: Visualization of pruned layer indices selected by different training-free depth pruning methods across
LLM architectures and pruning budgets. Colored blocks indicate removed Transformer layers.

Method Lp/Lt PPL ↓ DS ↑ Pruned layers

Llama-3.1-8B 0/32 8.50 67.80 –
SLEB (Song et al., 2024) 7/32 679.2 44.87 [10–12, 19, 24–26]
Shortened LLaMA (Kim et al., 2024) 7/32 18.60 49.44 [8–12, 25,26]
LoRP (ours) 7/32 41.95 57.21 [10, 22–27]
SLEB (Song et al., 2024) 9/32 769.3 38.51 [8–12, 19, 24–26]
Shortened LLaMA (Kim et al., 2024) 9/32 34.41 46.77 [6, 8–12, 25,26, 28]
LoRP (ours) 9/32 151.9 52.06 [10, 21–28]

Qwen3-8B 0/36 13.69 68.06 –
SLEB (Song et al., 2024) 7/36 78.99 48.49 [2, 15,16, 20,21, 26, 32]
Shortened LLaMA 7/36 21.06 54.87 [2, 15–18, 20,21]
LoRP (ours) 7/36 27.92 56.65 [3, 11, 20, 29–32]
SLEB (Song et al., 2024) 9/36 330.6 42.49 [2, 12, 14–16, 20,21, 26, 32]
Shortened LLaMA (Kim et al., 2024) 9/36 26.48 51.73 [2, 11, 15–21]
LoRP (ours) 9/36 151.6 52.43 [3, 11, 20, 28–33]

Table 4: Iterative / per-layer pruning baselines vs. LoRP (ours) on Llama-3.1-8B and Qwen3-8B. PPL is averaged
over C4 / WikiText-2 / PTB; DS is the mean accuracy on 9 zero-shot tasks.

trated depth regions. In contrast, for Qwen models,
where inter-layer similarity is more broadly dis-
tributed across depth, LoRP selects layers from
multiple regions of the network. This behavior
highlights the role of clustering in LoRP, which
allocates pruning decisions according to both rep-
resentational coverage and residual redundancy.

5.5 Ablation Study

Iterative pruning vs LoRP. Table 4 compares
LoRP against iterative depth pruning baselines
such as Shortened LLaMA and SLEB. Shortened
LLaMA often achieves lower perplexity, reflecting
stronger adaptation to the calibration objective
through iterative pruning. In contrast, LoRP
preserves higher downstream accuracy, particularly

on Qwen3-8B, indicating better generalization
beyond calibration-based layer selection. SLEB
exhibits substantially worse perplexity and
downstream performance than both Shortened
LLaMA and LoRP across the evaluated settings,
indicating that an iterative removal procedure
alone does not guarantee robust pruning behavior.

Effect of the number of clusters. Figure 5 ana-
lyzes the effect of the number of representational
clusters K on downstream accuracy. The best clus-
tering granularity varies across architectures. Mod-
els with globally distributed redundancy, such as
Qwen3, generally benefit from larger K. Models
with more localized redundancy tend to perform
well with smaller K. The K selected by the fixed
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Figure 5: Effect of the number of representational clus-
ters K on downstream accuracy across different LLM
architectures under the same experimental setting as the
main results.

Model Lp Full LoRP Stage 2 only

LLaMA-3.1-8B 7 35.41 56.28
9 124.82 155.23

11 4280.59 6508.83

Qwen3-8B 7 27.38 60.93
9 66.99 96.91

11 124.38 183.91

Table 5: C4 perplexity of full LoRP and the Stage-2-
only variant. Lower values are better.

RLS-based policy achieves the best observed per-
formance on LLaMA-3.1-8B, OLMo-3-7B, and
Qwen3-14B. On Qwen3-8B and Mistral-Nemo-
12B, its accuracy is within 0.10 percentage points
of the best value in the sweep.
Contribution of coverage-aware initialization.
We isolate the contribution of Stage 1 by compar-
ing full LoRP with a Stage-2-only variant. The
latter begins residual redundancy allocation from
an empty pruning set. As shown in Table 5, full
LoRP achieves lower C4 perplexity at every prun-
ing budget on both LLaMA-3.1-8B and Qwen3-8B.
This result shows that the initial coverage across
representational clusters improves pruning robust-
ness.
Calibration robustness. We evaluate the sensi-
tivity of LoRP to the calibration configuration by
varying the sample count, sequence length, and cor-
pus. As shown in Table 6, LoRP selects identical
layers across all evaluated settings on both LLaMA-
3.1-8B and Qwen3-8B. These results indicate that
LoRP is robust to calibration choices within the
evaluated range.

6 Conclusion

We proposed LoRP, a training-free one-shot
depth pruning framework guided by architecture-
dependent representation locality. We showed that
redundancy structures differ substantially across

Calibration setting Evaluated values

Sample count 32, 64, 128, 256, 512
Sequence length 512, 1024, 2048
Corpus C4, WikiText-2

Model Selected layers

LLaMA-3.1-8B {10, 22–27}
Qwen3-8B {3, 11, 20, 29–32}

Table 6: Calibration robustness of LoRP with Lp = 7.
Each model produces the same layer selection across all
evaluated calibration settings.

LLMs, ranging from localized to globally dis-
tributed inter-layer similarity patterns. To capture
this behavior, we introduced the Representation Lo-
cality Score (RLS) and used it to guide clustering-
based redundancy-aware pruning. Across diverse
LLM architectures, LoRP improved both perplex-
ity and downstream accuracy under no-recovery
pruning settings. Overall, our results suggest that
representation locality is an important factor for
effective depth pruning in large language models.

Limitations

Although LoRP shows consistent improvements
across diverse LLM families, our experiments re-
main limited to decoder-only architectures and a
moderate range of model scales. The fixed RLS-to-
K thresholds are empirically derived from the orig-
inal evaluation models. While the policy selects
the best-performing K under both pruning budgets
on the held-out Gemma-2-9B model, broader val-
idation across architectures, scales, and training
recipes is still required.

The causal origins of localized and globally dis-
tributed redundancy also remain unclear. Archi-
tectural and training factors such as normalization,
residual scaling, depth-to-width ratio, and the pre-
training recipe may contribute to the observed pat-
terns, but establishing causal relationships would
require controlled pretraining experiments.

Across the tested calibration sample counts, se-
quence lengths, and C4/WikiText-2 corpora, LoRP
produces identical layer selections on LLaMA-3.1-
8B and Qwen3-8B. This demonstrates robustness
within the evaluated range, but does not establish
invariance across arbitrary domains or substantially
different calibration distributions.

Our downstream evaluation primarily covers lan-
guage understanding and commonsense reason-
ing tasks. We do not evaluate generative multi-
step mathematical reasoning benchmarks such as
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GSM8K and MATH, and pruning behavior on these
tasks remains an important direction for future
evaluation. Finally, LoRP focuses on training-free
pruning without post-pruning recovery. Combining
LoRP with lightweight adaptation may further im-
prove performance under aggressive pruning bud-
gets.

Ethical considerations

LoRP is designed for improving the inference effi-
ciency of large language models through training-
free depth pruning. Our work does not introduce
new datasets, collect human data, or involve hu-
man subjects. Since model compression may affect
downstream model behavior, careful evaluation is
important before deployment in safety-critical set-
tings.
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Appendix

A Inference Efficiency of Pruned LLMs

We complement the language modeling and
downstream evaluation results with an inference-
efficiency analysis on Qwen3-14B. The goal is
to verify that the parameter reduction obtained
through depth pruning translates into proportional
reductions in runtime and GPU memory while
maintaining reasonable language modeling and
downstream performance.

A.1 Benchmark Setup

All measurements are conducted on a single
NVIDIA A40 48GB GPU using CUDA 12.1, Py-
Torch 2.5.1, and Hugging Face Transformers in
fp16 precision. We evaluate Qwen3-14B, the
largest model in our benchmark suite, under prun-
ing budgets Lp ∈ {11, 13, 15} out of Lt = 40
Transformer blocks.

The same pruned checkpoints used in the
main perplexity and downstream evaluation
experiments are used for benchmarking. Layer
removal is implemented by directly delet-
ing the corresponding Transformer blocks
from model.model.layers and updating
model.config.num_hidden_layers, resulting in
a physically shallower Transformer stack without
recovery modules or additional parameters.

For all configurations, inference is measured
using a synthetic input of shape (1, 2048) with
use_cache=False to isolate prefill computation
cost. Each configuration is evaluated using 3 warm-
up forward passes followed by 20 timed forward
passes with CUDA synchronization enabled be-
fore and after execution. Reported latency corre-
sponds to the mean ± standard deviation across
timed runs. Peak GPU memory is measured us-
ing torch.cuda.max_memory_allocated() dur-
ing inference.

Config Layers Params Latency (ms) Speedup

Dense 40 14.77 B 676.7 ± 2.5 1.00×
LoRP, Lp = 11 29 11.13 B 497.4 ± 1.5 1.36×
LoRP, Lp = 13 27 10.47 B 465.3 ± 1.4 1.45×
LoRP, Lp = 15 25 9.81 B 432.8 ± 1.1 1.56×

Table 7: Inference latency of LoRP on Qwen3-14B
measured on a single NVIDIA A40 GPU (fp16, batch
size 1, sequence length 2048).

A.2 Latency Analysis

Table 7 shows that depth pruning yields near-linear
reductions in inference latency. As the pruning
ratio increases from 27.5% to 37.5%, latency de-
creases from 676.7 ms to 432.8 ms, corresponding
to a 1.56× speedup over the dense baseline.

The reduction in latency closely follows the
reduction in Transformer depth, indicating that
training-free depth pruning translates directly into
practical inference-time acceleration without addi-
tional runtime optimization.

A.3 Memory and Performance Trade-off

Config Peak mem Reduction PPL ↓ DS ↑
Dense 28.12 GiB – 12.14 71.22%

LoRP, Lp = 11 21.35 GiB −24.1% 37.44 52.84%
LoRP, Lp = 13 20.12 GiB −28.4% 76.69 49.50%
LoRP, Lp = 15 18.89 GiB −32.8% 204.49 48.07%

Table 8: Peak GPU memory and downstream perfor-
mance of LoRP on Qwen3-14B. PPL is the mean over
WikiText-2 / C4 / PTB; DS is the mean zero-shot accu-
racy over nine commonsense reasoning tasks.

Table 8 shows that GPU memory usage de-
creases consistently as the pruning budget in-
creases. At Lp = 15, peak GPU memory decreases
from 28.12 GiB to 18.89 GiB, reducing the memory
requirement by 32.8%.

The results also illustrate the trade-off between
efficiency and performance under increasingly ag-
gressive pruning budgets. Moderate pruning bud-
gets such as Lp = 11 maintain relatively stronger
perplexity and downstream accuracy while already
achieving substantial reductions in memory and
latency. More aggressive pruning further improves
efficiency, although with larger degradation in lan-
guage modeling and downstream performance.

Overall, the results demonstrate that training-
free depth pruning provides practical inference-
time benefits beyond parameter reduction alone,
translating directly into lower runtime and memory
usage on standard hardware.

B Licenses and Terms of Use

All datasets and models used in this work are pub-
licly available and used in compliance with their
respective licenses and terms of use. We use them
solely for non-commercial research purposes, con-
sistent with their intended use.
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Models. Qwen3-8B and Qwen3-14B (Yang et al.,
2025) are released under the Apache 2.0 License.
OLMo-3-7B (Olmo et al., 2025) is released under
the Apache 2.0 License. Mistral-Nemo-12B (Mis-
tral AI, 2024) is jointly released by Mistral AI and
NVIDIA under the Apache 2.0 License. LLaMA-
3.1-8B (Dubey et al., 2024) is released under the
Llama 3.1 Community License Agreement.

Evaluation datasets. ARC-Easy and ARC-
Challenge (Clark et al., 2018) are released under
the CC BY-SA 4.0 License. HellaSwag (Zellers
et al., 2019) is released under the MIT License.
WinoGrande (Sakaguchi et al., 2019) is released
under the CC BY 4.0 License. BoolQ (Clark et al.,
2019) is released under the CC BY-SA 3.0 License.
OpenBookQA (Mihaylov et al., 2018) is released
under the Apache 2.0 License. RTE (Dagan et al.,
2005) is distributed for research use as part of the
PASCAL RTE Challenge. COPA (Roemmele et al.,
2011) is publicly distributed by the original au-
thors for research use in commonsense reasoning.
RACE (Lai et al., 2017) is distributed for non-
commercial research purposes only, as specified
by its creators.

Calibration and perplexity datasets. C4 (Raffel
et al., 2020) is released under the ODC-BY License,
with the underlying Common Crawl content also
subject to Common Crawl’s terms of use. WikiText-
2 (Merity et al., 2017) is released under the CC
BY-SA 3.0 License (and additionally under the
GFDL). The Penn Treebank (Marcus et al., 1993)
is distributed by the Linguistic Data Consortium
(LDC) under its standard research license.

Software. The lm-evaluation-harness (Gao
et al., 2024) is released under the MIT License.
Hugging Face Transformers and PyTorch are re-
leased under the Apache 2.0 and BSD-style li-
censes, respectively. All software is used consistent
with its intended research use.

45037


