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Abstract

Layer pruning has emerged as a promising tech-
nique for compressing Large Language Models
(LLMs) by reducing their depth. However, ex-
isting methods predominantly rely on direct
layer removal or coarse-grained layer merg-
ing, where uniform merging coefficients are ap-
plied to entire layers. These approaches neglect
the distinct functional roles of internal compo-
nents, often leading to severe feature blurring
and performance degradation. To address this,
we propose Weight-aware Learnable Merging
(WalLeM), a noval framework that transitions
from coarse-grained, heuristic layer pruning to
fine-grained, optimization-driven layer merg-
ing. In WaleM, we first employs Centered
Kernel Alignment (CKA) combined with dy-
namic programming to globally identify redun-
dant layers for merging, ensuring structural con-
sistency. Subsequently, we introduce a learn-
able merging mechanism that assigns adap-
tive, component-specific coefficients to Trans-
former’s weight matrices, optimized via knowl-
edge distillation. Extensive experiments on var-
ious models demonstrate that Wal.eM signif-
icantly outperforms state-of-the-art baselines.
Notably, WalLeM preserves complex reasoning
capabilities on benchmarks, like GSM8K, even
at high compression rates, offering a superior
trade-off between efficiency and performance.

1 Introduction

The rapid evolution of Large Language Models
(LLMs), represented by the GPT (Brown et al.,
2020; Achiam et al., 2023) and Llama (Touvron
et al., 2023; Grattafiori et al., 2024) series, has fun-
damentally transformed natural language process-
ing. When scaled to billions of parameters, these
models exhibit remarkable performance across a
wide range of tasks, including complex reason-
ing (Wei et al., 2023; Yao et al., 2023), code gener-
ation (Chen et al., 2021; Jimenez et al., 2024), and
mathematical problem solving (Cobbe et al., 2021;

Lightman et al., 2023). However, the prohibitive
computational costs and memory footprints asso-
ciated with such massive scales pose significant
impediments to their deployment, particularly in
resource constrained environments such as edge
computing platforms.

To address these challenges, substantial research
efforts have been directed towards model compres-
sion (Cheng et al., 2020; Zhu et al., 2024; Wang
et al., 2024). Generally, compression methodolo-
gies encompasses quantization (Liu et al., 2023;
Dettmers et al., 2023), knowledge distillation (Hin-
ton et al., 2015; Gu et al., 2024), and pruning (Ma
et al., 2023; Zhu et al., 2024). Pruning can be fur-
ther delineated into unstructured pruning, which
sparsify individual weights (Frantar and Alistarh,
2023), and structured pruning that eliminate coher-
ent components such as attention heads or entire
layers (Ma et al., 2023). Layer pruning, a specific
form of structured pruning, has gained prominence
for its ability to reduce model depth directly. Un-
like other pruning approaches, it delivers tangible
reduction in inference latency while preserving ar-
chitectural compatibility without requiring special-
ized hardware support (Ling et al., 2024). Capital-
izing on these advantages, this study focus on the
layer-wise pruning methodology.

Current research on layer pruning primarily ad-
dresses two fundamental challenges: selecting spe-
cific redundancy layers and determining the prun-
ing execution strategy (Pei et al., 2025). For re-
dundancy layer selection, various studies have in-
troduced distinct metrics, including block influ-
ence, perplexity and angular distance (Men et al.,
2024; Song et al., 2024; Gromov et al., 2025). Re-
garding determining the pruning execution strat-
egy, existing methods generally fall into two cat-
egories: direct removal (Men et al., 2024; Song
et al., 2024) and layer merging (Choudhry et al.,
2025; Liu et al., 2025). Compared with layer merg-
ing, direct removal usually risks losing valuable
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Figure 1: Overview of the Weight-aware Learnable Merging (WaLeM) framework. The framework involves
two phases. (1) Identifying redundant layers, which employs Centered Kernel Alignment (CKA) to quantify
representational similarity across all layers and applies dynamic programming (DP) to locate blocks with redundant
layers; (2) Learning fine-grained merging coefficients, which treats the merging coefficients as learnable parameters
and train them through a lightweight knowledge-distillation process.

model structures and interrupts the flow of seman-
tic information (Liu et al., 2025). Consequently,
we adopt layer merging strategy to condense mul-
tiple layers and preserve information. However,
current merging-based approaches still exhibit a
fundamental drawback: the merging coefficients
are determined in an empirical or heuristic man-
ner, which restricts these approaches to adopting a
single, uniform coefficient at each layer-merging
step (Yang et al., 2024; Liu et al., 2025). Such
coarse-grained merging methods fail to account
for the heterogeneous functional responsibilities of
sub-modules inside each Transformer layer (Clark
et al., 2019; Geva et al., 2021; Meng et al., 2023),
inevitably causing feature blurring and functional
confusion.

Therefore, we present Weight-aware Learnable
Merging (WaLeM), a framework that transition
model compression from coarse-grained, heuristic
layer pruning to fine-grained, optimization-driven
and information-preserving layer merging. In de-
tail, WalLeM begins by using Centered Kernel
Alignment (Kornblith et al., 2019) to quantify rep-
resentational similarity across all layers. Then, a

dynamic programming algorithm is employed to
analyze this similarity and identify optimal merg-
ing blocks, which can bypass the sub-optimality of
previous greedy methods (Liu et al., 2025; Pei et al.,
2025). Finally, based on the identified optimal
merge blocks, we implement fine-grained learnable
merging by assigning independent coefficients to
different Transformer’s weight matrices. These co-
efficients are treated as learnable parameters and
are determined via a lightweight knowledge dis-
tillation phase that minimizes Kullback—Leibler
divergence against the original LLM to achieve
alignment. Such a way allows the merging process
to adaptively inherit information based on com-
ponent sensitivity rather than relying on a fixed
coefficient. Extensive experiments on five LLMs
across diverse tasks demonstrate that WaLLeM out-
performs established baselines, maintaining robust
capabilities even at high compression rates.
In summary, the main contributions of our work
are as follows:
* We propose Weight-aware Learnable Merg-
ing (WalLeM), a novel framework designed
to compress LLMs through information-



preserving layer merging. WalLLeM employs
a fine-grained, learnable mechanism that as-
signs adaptive coefficients to heterogeneous
weight components, which allows for precise
information inheritance.

* In WaleM, we develop a globally optimal
strategy for layer selection based on Centered
Kernel Alignment (CKA) and dynamic pro-
gramming. By rigorously quantifying the rep-
resentational similarity across the network,
our approach can identify redundant layers
from a global perspective.

* We validate the efficacy of WalLeM through
comprehensive experiments on multiple
benchmarks and various large language mod-
els. The results demonstrate that our method
consistently outperforms existing baselines by
effectively compressing models while preserv-
ing their original performance.

2 Related Work

Metrics for Layer Redundancy. Identifying re-
dundant layers constitutes a critical step in layer
pruning. To address this, numerous studies have
established metrics to quantify the importance of
specific layers. For instance, ShortGPT (Men et al.,
2024) introduces Block Influence (BI), which as-
sesses the similarity between a layer’s input and
output. Similarly, MKA (Liu et al., 2025) employs
manifold learning and the Normalized Pairwise In-
formation Bottleneck to identify layers suitable for
merging. Other strategies, such as SLEB (Song
et al., 2024), leverage perplexity to evaluate layer
importance. Furthermore, angular distance, Magni-
tude and first-order Taylor saliency has been used to
detect less informative layers (Gromov et al., 2025;
Kim et al., 2024). Collectively, these metrics guide
the pruning process to ensure the preservation of
functional integrity.

Pruning via Layer Merging. To mitigate the
information loss inherent in direct layer removal,
recent studies have pivoted towards layer merg-
ing, a paradigm that consolidates adjacent layer
parameters rather than discarding them. Promi-
nent approaches, such as MKA (Liu et al,
2025), LaCo (Yang et al., 2024), and Layer-
Merge (Choudhry et al., 2025), have advanced this
direction by employing manifold learning, iterative
parameter aggregation, and PCA-based activation
analysis, respectively. Despite these innovations,
existing techniques predominantly rely on coarse-

grained merging strategies, which neglect the func-
tional heterogeneity of components within Trans-
former layers. Concurrent with and independent
of our work, FuseGPT (Pei et al., 2025) utilizing
learnable low-rank matrices to graft pruned layers
onto adjacent ones. Our approach differs in two key
aspects: (1) Granularity: Instead of low-rank graft-
ing, WalLeM performs weight-aware merging, as-
signing adaptive coefficients to specific functional
components; (2) Efficiency: While FuseGPT re-
lies on an iterative greedy search to handle rank
shift, WaLeM utilizes Dynamic Programming to ef-
ficiently derive a globally optimal merging strategy
in a single pass.

3 Methodology

The proposed WaL.eM framework mainly proceeds
in two phases: identifying redundant layers and
learning the merging coefficients, which is illus-
trated in Figure 1.

3.1 Identifying Redundant Layers

We consider a LLM comprising L Transformer lay-
ers. Given a dataset D = {z;} |, we extract the
output of the [-th Transformer layer as the feature
representation. Flattening that feature represen-
tation across the batch and sequence dimensions
yields X(1):

XB ¢ gMxd )

where M represents the token count and d is the
hidden dimension.

To quantify geometric similarity between the
[-th layer and the k-th layer, we employ Linear
Centered Kernel Alignment (CKA). In detail, we
first compute the Gram matrices:

K® — ){(l)()((l))—r7 K® — )((k)()((k))T )
Subsequently, we calculate the Hilbert-Schmidt
Independence Criterion (HSIC) between the two
Gram matrices:

HSIC(K® , K®) = Str(KOHKWH)  (3)

(M —1)
where H = I, — ﬁll—r is the centering matrix
used to remove the mean shift. The CKA similarity
score sy between the [-th layer and k-th layer is
defined as the normalized HSIC value:

sie = CKA(X®Y, x*))

_ HSIC(KW, K®) )
V/HSIC(K®, K®) - HSIC(K®), K(*))




Computing this for all layer pairs yields a sym-
metric CKA similarity matrix S € RE*L, where
S[l, k] = s, capturing the model’s hierarchical
evolution.

Building on the CKA similarity matrix S, we
further formulate identifying redundant layers as a
constrained optimization problem on S to remove
exactly K layers by merging non-overlapping di-
agonal blocks.

In detail, for a candidate block of size B ending
at the k-th layer (spanning [k — B + 1,k]), we
define the redundancy score r(k, B) as:

r(k, B) = B - (5k,8 — ) - Whos(l) ®)

where 55 p is the average similarity within the up-
per triangle of the block’s sub-matrix, « is a hyper-
parameter incentivizing larger block sizes, and y
represents the predefined similarity threshold. To
prioritize deeper layers (Gromov et al., 2025), we
apply a position-dependent weight based on the

block’s center [ = k — %:

Woos(D) =146+ ©

where L is the total number of layers. This weight-
ing mechanism ensures that blocks located in the
latter stages of the network contribute more signifi-
cantly to the overall score.

Finally, a dynamic programming algorithm is
employed to derive the optimal strategy. Let vy, ;
denote the maximum redundancy score achievable
within the first k layers, subject to a constraint that
exactly 7 layers are removed. We define the state
transition equation as:

Vg,; = mMmax (Uk—l,j7
(7

max
Be [Bmin yBmax

Dm0 B))

The first term corresponds to preserving the k-th
layer (i.e., not merging it into a preceding block),
where the state simply inherits the score from
vg—1,j- The second term considers the case where
the k-th layer serves as the end of a merging block
of size B. Since merging B layers into a single
layer results in a reduction of B — 1 layers, we
transition from the state v, _p ;_(p—1) and add the
corresponding redundancy gain r(k, B).

By leveraging a classical dynamic programming
algorithm, the problem can be solved exactly and
efficiently with an O(L?) time complexity. More-
over, such a way enables the identification of re-
dundant layers from a global, rather than local or
heuristic, perspective.

3.2 Learning Fine-Grained Merging
Coefficients

Once the redundant layers are identified, we de-
termine merging coefficients via a learning phase.
Consider a target redundant block of size B
involving Transformer layers with indices | €
[k — B + 1,k]. A set of weight types T (e.g.,
W,, W, W,, W, in attention) are defined to be
merged.

For each block, we initialize a learnable coeffi-
cient matrix F € R!71*B_ To ensure normalized
contributions, we apply a row-wise Softmax op-
eration over the layer dimension. The merging
coefficient o, for a specific weight type 7 € T
and the [-th layer in the block is computed as:

ary = <22E) ®)

Zf:1 exp(Fr;)

The merged Transformer weight matrix WT is then
obtained by the weighted aggregation of the origi-
nal parameters Wy):

B
WT _ Z r - W.(rk_B+j) )
Jj=1

To preserve the representational capacity of the
original LLM M, we align the merged LLM
M’ using a calibration dataset D.,; (Kovalev and
Tikhomirov, 2025). We minimize the Kullback-
Leibler (KL) divergence between the output prob-
ability distributions of the two models. The opti-
mization objective is formulated as:

L= Dicr(Pulle) | Prwyle))  (10)

z€Dcal

where Py and Py denote the softmax probabili-
ties generated by the original model and the merged
model, respectively. We update F' via backpropaga-
tion while keeping other model parameters frozen.

Finally, consistent with prior studies (Ma et al.,
2023), we implement a fast post-fusion recovery
phase to mitigate performance degradation. We
employ Low-Rank Adaptation (LoRA) (Hu et al.,
2021) to efficiently heal the merged model. This
lightweight fine-tuning step allows the compressed
model to recover its capabilities with minimal com-
putational overhead.

Note that, the comprehensive pseudocode of the
WaleM framework is shown in the Algorithm 1 at
the Appendix.



Model | Method | Pruning Rate | PPL (]) | HellaSwag PIQA  Winogrande MMLU ARC-e ARC-c RACE GSMSK | Avg. Score
| Dense | 000% | 744 | 79.11 80.96 73.40 6212 7765 5410 4038 4989 | 6470
MKA 18.75% 1469.73 | 5739  69.97 59.75 5845 6191 4403 3196 250 4825
ShortGPT 18.75% 39.72 68.31  72.80 70.17 60.55 5947 4394 3474 561 51.95
SLEB 18.75% 14.99 63.66  74.86 56.27 2585 6225 3507 3273 258 44.16
LaCo 18.75% | 3167.02 | 3045  57.89 59.19 3509 3636 2858 2411 030 34.00
LLMPruner | 18.75% 29.50 6971 7617 67.09 6204 7016 4855 3876  23.96 57.06
Ours 18.75% 13.63 7452 76.55 72.23 6128 7096 4795 4182 3632 60.20
MKA 25.00% | 3557.07 | 5294 6774 60.38 6220 5900 4172 2995 045 46.80
ShortGPT 25.00% - 3141 6L15 55.01 3459 3965 3311 2469 023 34.98
Llama3.85 |  SLEB 25.00% 23.07 5796 7214 5241 2663 5787 3285 3129 190 41.63
LaCo 25.00% 89.61 60.01  67.90 65.04 60.58 5227 3848 3225 212 47.33
LLMPruner | 25.00% 42.06 6734 7350  65.82 61.04 6599 4556 3799 220 52.43
Ours 25.00% 17.19 70.63  73.67 70.72 5071 6481 4420 40.67 2282 55.90
MKA 31.25% | 9999.44 | 4819 6387 60.85 59.03 5290 3976 2986  0.00 4431
ShortGPT 31.25% - 3383 6045 5841 3668 3824 3208 2679 099 35.93
SLEB 31.25% 3424 5288 69.26 53.51 2690 5236 3131 29.67 235 39.78
LaCo 31.25% 16627 | 4836 6371 63.61 2538 4146 31,57 2938 129 39.03
LLMPruner | 31.25% 59.94 6331 7138 6440 5427 6414 4471 3636  14.94 51.69
Ours 31.25% 21.84 6615 72.52 70.09 5878 6149 4275 3885 553 52.02
Dense 0.00% 7.74 79.65  80.30 72.53 5239 7647 4881 4048  23.65 59.29
MKA 20.00% 1411.24 | 5544 69.64 62.83 50.69 5833  40.53 3215 0.0 46.20
ShortGPT 20.00% 15.35 7262 7563 69.93 5222 6700 4326 3809 235 52.64
SLEB 20.00% 1177 7069 7633 63.69 3002 7062 4300 3770 2381 49.36
LaCo 20.00% 66.70 6198  69.53 65.35 3796 5774 3780 3368 167 45.71
LLMPruner | 20.00% 38.53 7209 76.82 66.30 5259 7109 4642 3742 1145 54.27
Ours 20.00% 11.63 7633 78.13 71.35 5357 7184 4855 4057 1350 56.73
MKA 2500% | 443319 | 5091 6659 61.17 5006 5429 3788 3167  0.00 44.07
ShortGPT 25.00% 40.40 68.08 7274 69.14 5010  60.10 4189 3732 0.6 50.02
Llamaz.138 | SLEB 25.00% 13.90 6723 76.66 60.38 2531 6545 3933 3531 144 46.39
LaCo 25.00% 13090 | 5580  66.59 64.25 3445 5417 3575 3053 030 42.73
LLMPruner | 25.00% 67.54 67.89  75.14 64.88 5227 68.56 4403 3675 682 52.04
Ours 25.00% 13.44 7434 7639 71.82 5169  69.61 4556 40.10  6.67 54.52
MKA 30.00% | 8453.01 | 4757  64.58 59.75 5144 5223 3609 3129 0.00 42.87
ShortGPT 30.00% 65.10 5831 69.86 68.11 4844 5345 3677 3196 099 45.99
SLEB 30.00% 1654 6449 7459 61.09 2337 63.09 3660 3445 167 44.92
LaCo 30.00% 20528 | 5207 6398 63.14 3687 5130 3515 2957 053 4158
LLMPruner | 30.00% 85.14 6553 72.85 64.01 5105 6574 4334 3627 379 5032
Ours 30.00% 15.11 7160 75.24 70.01 5276 6650 4326 3885  4.40 52.83

Table 1: Zero-shot performance of Llama models with distinct pruning strategies. “Dense” denotes the unpruned
models and “PPL” denotes the perplexity evaluated on Wikitext2. Bold fonts indicate the best results, while
underlined values represent the sub-optimal performance. Results for Llama2-7B are detailed in Appendix A.3.

4 Experiments

4.1 Experimental Setups

LLMs. We perform experiments on five different-
sized LLMs: Llama2-7B (Touvron et al., 2023),
Llama2-13B (Touvron et al., 2023), Llama3-
8B (Grattafiori et al., 2024), Qwen2.5-7B (Qwen
et al., 2025) and Qwen2.5-14B (Qwen et al., 2025).

Datasets and Metrics. We utilize the C4 (Raf-
fel et al., 2023) for identifying redundant lay-
ers (500 samples) and learning merging coeffi-
cients (10k samples), and utilize Alpaca (Taori
et al., 2023) for performance recovery. Us-
ing LM Evaluation Harness (Gao et al., 2024),
we evaluate on Perplexity (WikiText2 (Merity
et al., 2016)), Commonsense Reasoning (Hel-
laSwag (Zellers et al., 2019), PIQA (Bisk et al.,
2019), WinoGrande (Sakaguchi et al., 2019),
MMLU (Hendrycks et al., 2021), ARC-easy (Clark
et al., 2018), ARC-challenge (Clark et al., 2018),

RACE (Lai et al., 2017)), and Mathematical Rea-
soning (GSMS8K (Cobbe et al., 2021)).

Baselines. We benchmark Wal.eM against five
state-of-the-art methods. For layer removal, we
compare it with LLM-Pruner (Ma et al., 2023),
ShortGPT (Men et al., 2024), and SLEB (Song
et al., 2024), which utilize depth-based, block influ-
ence, and greedy strategies, respectively. For layer
merging, we compare it with LaCo (Yang et al.,
2024) and MKA (Liu et al., 2025), which employ
representation thresholds and manifold learning to
guide merging. Specific implementation details are
available in Appendix A.1.

4.2 Main Results

Following prior studies (Zhang et al., 2024; Zhong
et al., 2025; Lu et al., 2025), we evaluate our pro-
posed WaleM framework across pruning ratios
ranging from approximately 20% to 30%. As pre-
sented in Table 1 and Table 2, WalLeM demon-



Model | Method | PruningRate | PPL(]) | HellaSwag PIQA Winogrande MMLU ARC-e ARC-c RACE GSMSK | Avg. Score

| Dense | 000% | 941 | 8058 8047 71.19 7178 8140 5503 4622 8180 | 7106

MKA 21.43% 182964.77 | 4512 6181 58.09 4031 4040 3549 2861 114 38.87

ShortGPT | 21.43% 16.64 6526 7693 56.04 2812 68.27 4044 3742 425 47.09

LaCo 21.43% 797.66 5305  61.97 53.59 2648 3822 3097 2526 121 36.34

Ours 21.43% 13.22 66.84 7639 60.22 3978 6949 4505 3732 15.69 51.35

MKA 25.00% 60714737 | 4211  60.72 57.38 3710 3792 3353 2699 099 37.09

Qwen2.5.78 | ShortGPT | 25.00% 17.96 61.02 7459 53.99 2786 6372 3643 3512 296 44.46
LaCo 25.00% 1357.73 4824 60.77 50.04 23.07 3514 3029 2258 121 33.92

Ours 25.00% 13.71 65.06 7612 57.06 30.63 6827 42.66 3722 895 4825

MKA 28.57% | 1876698.27 |  38.60  59.14 56.35 2300 3401 3191 2536  1.59 33.75

ShortGPT | 28.57% 20.44 5695  73.45 54.93 2658 6149 3609 3464 235 4331

LaCo 28.57% 1694.25 4419 5892 51.22 2344 3485 3029 2325 0.6l 33.35

Ours 28.57% 17.95 6212 74.97 56.43 2614 6587 4138 3522 417 45.79

Dense 0.00% 6.66 84.37  81.94 75.77 7883 8165 6229 4536  44.43 69.33

MKA 20.83% 400283.16 | 4590  65.02 58.96 7780 5833 4138 3139 0.00 47.35

ShortGPT | 20.83% - 7147 7191 60.30 4260 6646 4334 3541  3.03 50.07

LaCo 20.83% 1909.78 4730 6181 62.04 5379 4238 3379 2919 0.3 41.32

Ours 20.83% 11.95 7231 7818 63.22 4494 7290 4923 3828  26.16 55.65

MKA 25.00% 1289431.81 | 4251  63.17 59.59 5332 5215 3891 3053 0.00 4252
Qwen2.5-14p | ShortGPT | 25.00% - 67.00 7514 56.20 3297 6279 3720 3455 3.1 46.12
LaCo 25.00% 12723.14 4442 6235 59.91 4208 3965 3558 3053 0.5 39.33

Ours 25.00% 13.64 69.60  77.37 58.56 3996  69.87 4505 3608  9.33 50.73

MKA 31.25% | 7517022.80 | 3618 57.94 57.85 3208 3952 3430 2632 0.00 35.52

ShortGPT | 31.25% - 4686  68.82 51.38 2364 5278 3055 2411 053 37.33

LaCo 31.25% 775.68 4032 6284 56.27 2299 3552 3072 2526 0.68 3433

Ours 31.25% 18.76 6376  74.27 59.35 31.84 6431 4078 37.03 478 47.02

Table 2: Zero-shot performance of Qwen models with distinct pruning strategies. “Dense” denotes the unpruned
models and “PPL” denotes the perplexity evaluated on Wikitext2. Bold fonts indicate the best results, while

underlined values represent the sub-optimal performance.

(a) Results on Llama3-8B

Pruning Rate

Strategy

18.75% 21.88% 25.00% 28.13% 31.25%
BI 21.16 76.44 100.54  190.62  363.86
DP 44.24 59.33 89.27 14242  263.25

(b) Results on Llama2-13B

Strategy Pruning Rate

15.00% 20.00% 25.00% 30.00% 35.00%
BI 11.54 13.86 28.21 41.22 60.39
DP 10.90 13.53 18.05 49.38 59.22

Table 3: Perplexity comparison between the proposed
Global Optimal Fusion strategy and ShortGPT Block
Influence across various pruning ratios.

strates superior performance consistently over base-
line methods across diverse zero-shot downstream
tasks. Specifically, WaLeM achieves the highest
average scores while maintaining exceptionally
low perplexity on the Wikitext2 dataset. Notably,
this advantage becomes increasingly pronounced
at higher pruning ratios. While baseline methods
often exhibit severe performance degradation or ex-
ploding perplexity, WaL.eM preserves the model’s
linguistic coherence and knowledge retention.
Beyond standard multiple-choice benchmarks,
we explicitly evaluate mathematical reasoning ca-
pabilities using the GSMS8K dataset, which is often

overlooked in previous pruning studies. WalLLeM
exhibits remarkable resilience in this challenging
tasks. For instance, even with approximately 20%
of parameter pruned, our method still retains signifi-
cant reasoning abilities, particularly on Llama3-8B,
achieving results that other baselines fail to match.

Furthermore, we visualize the CKA similar-
ity matrices for Llama3-8B, Llama2-13B, and
Qwen2.5-14B in Figure 2. These visualizations
explicitly reveal the inherent redundancy present
within the original LLMs. By annotating the spe-
cific merging strategies with red blocks on the sim-
ilarity matrices, we demonstrate that our proposed
WaLeM method can efficiently capture this redun-
dancy. Subsequently, we present the CKA matrices
of the pruned models using these strategies in Fig-
ure 3. Comparing this with Figure 2, we observe
that the original redundancy in the deeper layers of
Llama2-13B, as well as in the middle and deeper
layers of Qwen2.5-14B, has been effectively miti-
gated. This suggests a more efficient information
flow within the compressed model.

5 Analyses
5.1 Effectiveness of Identifying Redundant
Layers

We investigate the effectiveness of the strategy
of identifying redundant layers armed by our dy-
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Figure 2: CKA similarity matrices for Llama3-8B, Llama2-13B, and Qwen2.5-14B. The axes represent layer indices
arranged from shallow to deep. Red highlighted regions denote the layer fusion strategies adopted at an approximate

pruning ratio of 30%.

- 1.0

0.
0.
0.
0.
H ! lu

LLaMA2-13B Qwen2.5-14B

%

by

e

s

Figure 3: Post-pruning CKA similarity matrices for
Llama2-13B and Qwen2.5-14B with an approximate
30% pruning ratio.

namic programming approach. We benchmark our
method against the Block Influence metric pro-
posed in ShortGPT (Men et al., 2024). Both strate-
gies serve as the initialization for the subsequent
fine-grained learnable merging training. We evalu-
ate the pruned models based on perplexity using the
Wikitext2 dataset. Results are presented in Table 3.
As shown, our proposed strategy consistently out-
performs Block Influence on Llama3-8B, achieving
significant margins in most of the pruning ratios.
Similar performance advantages are also observed
on the Llama2-13B model.

5.2 Significance of Fine-Grained Merging

To validate the efficacy of our proposed strategy, we
conduct a controlled experiment where merging is
restricted to the final layers to ensure a fair compar-
ison. In this setting, we benchmark our learnable
merging coefficients against two baselines, MKA
and LaCo. Specifically, MKA directly derives the
merging coefficients via similarity, whereas LaCo
integrates layer differences. As shown in Table 4,
our method achieves significantly lower perplexity

Model | Method | Ratio | PPL(l) | Avg. Score
LaCo 49473 37.00
MKA 18.75% 1469.73 48.19
Llama3-8B Ours 75.07 48.63
LaCo 393.57 38.30
MKA 25.00% 3557.07 46.94
Ours 126.64 46.69
LaCo 100.70 4375
MKA 18.75% 1012.85 42.30
Llama2-7B Ours 72.35 44.58
LaCo 145.84 40.88
MKA 25.00% 1837.25 39.67
Ours 102.55 41.30
LaCo 611424.10 34.99
MKA 21.43% | 190022.30 38.93
Qwen2.5-7B Ours 3458.57 40.11
LaCo 478749.02 34.70
MKA 25.00% | 607147.37 37.09
Ours 9401.84 36.07

Table 4: Comparison of our learnable fusion strategy
against similarity-based (MKA) and difference-based
(LaCo) baselines under a fixed layer-merging scope.

compared to the baselines, often reducing it by an
order of magnitude. This substantial improvement
underscores the superiority of the learned coeffi-
cients, which is further evidenced by consistently
higher average scores across downstream tasks.

5.3 Sensitivity to Merging Granularity

We further investigate the impact of block size on
the layer merging strategy. In this experiment, with
the pruning rate fixed at approximately 20%, we
constrain the block size using minimum and max-
imum hyperparameters and evaluate the pruned
model based on perplexity and downstream task
performance. As illustrated in Figure 4, we observe
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Figure 4: The impact of merging block size on model performance. Results are shown for (a) LLaMA3-8B, (b)
LLaMAZ2-13B, and (c) Qwen2.5-14B. The tuples (min, max) on the x-axis denote the minimum and maximum

block size constraints used for layer merging.
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Figure 5: Impact of Merging Starting Depth. (a) and
(b) show the results for LLaMA2-7B and LLaMA2-
13B, respectively. The x-axis represents the starting
layer index. Blue bars indicate the best performance
achieved.

that a block size range of 3 to 6 maintains relatively
higher performance and lower perplexity. We at-
tribution this to a trade-off between merging effi-
ciency and feature preservation. Excessively small
block sizes result in a larger number of blocks dis-
persed across the model; this leads to more merged
layers, causing error accumulation and amplifica-
tion during forward propagation, which destabi-
lizes performance. Conversely, overly large block
sizes compress too many layers into a single layer,
resulting in severe information loss and feature

blurring. Consequently, we conclude that the block
size range of (3, 6) is optimal, as it typically yields
two merged blocks, each containing three to five
layers, thereby effectively preserving essential fea-
tures. Further details regarding Figure 4 can be
found in Appendix A.4.

5.4 Impact of Merging Starting Depth

We also explore how the starting depth of merging
affects model performance. Under a 20% pruning
rate, we adjust the hyperparameter controlling the
start point to influence the merging strategy dis-
covery phase, effectively constraining the merging
process to occur only after a designated layer. This
design aligns with established observations (Cai
et al., 2025; Xiao et al., 2024; Ma et al., 2025) that
earlier layers in large language models are more
crucial than later ones. The results in Figure 5 con-
firm this hypothesis, demonstrating that deferring
merging to later layers results in superior efficacy
on downstream tasks compared to compressing the
earlier layers.

6 Conclusion

In this paper, we presented WalLeM, a framework
designed to improve layer pruning by addressing
the limitations of coarse-grained merging. By dis-
tinguishing the functional roles of weight matri-
ces and integrating learnable merging coefficients,
WaLeM enables more precise layer merging. Em-
pirical results demonstrate that Wal.eM consis-
tently outperforms state-of-the-art baselines, par-
ticularly on reasoning-intensive benchmarks like
GSMSK. Furthermore, our analysis underscores
the critical impact of merging granularity and po-
sition, validating fine-grained layer merging as a
robust solution for efficient LLM deployment.



Limitations

Despite WalLeM'’s promising performance in LLM
compression, we acknowledge several limitations
remain. First, unlike training-free approaches,
WaLeM entails a lightweight optimization phase
for merging coefficients. While significantly more
efficient than full fine-tuning, this process intro-
duces computational overhead and necessitates ac-
cess to calibration data. Furthermore, the layer se-
lection mechanism relies on Centered Kernel Align-
ment (CKA). Since CKA involves Gram matrix
computation, its complexity scales quadratically
with sequence length. This computational bottle-
neck may prohibit scaling to extremely long con-
text windows without approximation techniques.
Finally, constrained by computational resources,
our empirical validation is currently restricted to
models up to the 14B parameter scale. Verify the
efficacy of WaLLeM on larger-scale foundation mod-
els is a critical direction for future work.

Declaration of LLM Usage

Large language models were used in a lim-
ited, assistive role during the preparation of this
manuscript, primarily to improve language and
clarity. All scientific content, interpretations, and
conclusions are the sole work of the authors, who
reviewed and approved the final version. The litera-
ture review and reference curation were conducted
independently by the authors using published and
verifiable sources.
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A Appendix

A.1 Details of Implementations

In this section, we elaborate our experimental setup.
We utilize the C4 dataset for the initial phases, ran-
domly sampling 500 samples for CKA similarity
matrix computation and 10,000 samples for learn-
ing the merging coefficients, with the random seed
fixed at 42. Regarding the merging strategy, we
constrain the block size between 4 and 6 for most
models, while adjusting this range to 5 and 7 for
Llama2-13B. We set the similarity threshold to 0.85
and « to 1.5 in Equation 5, and 5 to 0.3 in Equa-
tion 6. The merging start depth is initialized at layer
17 for Llama3-8B and Llama2-7B, and at layer 22
for Llama2-13B. Conversely, we set the start depth
to 0 for Qwen models to accommodate their dis-
tinct layer-wise redundancy patterns observed in
the CKA analysis. During the coefficients learning
process, we train for 2 epochs with a batch size of
4, gradient accumulation of 4, a learning rate of 0.1,
and a temperature of 1. For the post-pruning recov-
ery phase, we fine-tune the model on the Alpaca
dataset for 2 epochs using LoRA. The hyperparam-
eters include a learning rate of 1 x 104, LoRA rank
r = 8, a = 16, and a dropout of 0.05, with a batch
size of 4 and gradient accumulation of 16. We ad-
here to the official configurations for all baseline
methods with two exceptions. For LLM-Pruner,
we adopt its layer pruning configuration; for LaCo,
we terminate the iteration early once the desired
pruning ratio is achieved.

A.2 Details of Datasets

A.2.1 Pruning Datasets

C4 (Colossal Clean Crawled Corpus) (Raffel et al.,
2023) is a massive, cleaned version of the Common
Crawl web corpus. A subset is sampled to compute
the CKA similarity matrix, while a separate subset
is employed to optimize the merging coefficients.
This dataset serves as a standard benchmark for
measuring perplexity on continuous text streams.

A.2.2 Post Pruning Recovery Datasets

Alpaca (Taori et al., 2023) To restore model perfor-
mance after pruning, we employ the Alpaca dataset
for instruction tuning. This dataset consists of syn-
thetic instruction-response pairs designed to en-
hance the capability of the model to follow user
commands and maintain response quality.

Algorithm 1 Weight-Aware Learnable Merging
Framework
Input: Pre-trained LLM M with L layers, Cali-
bration Dataset D, Pruning Target K
Output: Compressed Model M’
# Phase 1: Identifying Redundant Layers
1: Sample small subset Dg;, C D where
|Dgim| = 500 {See Appendix A.1}
2: Extract hidden states X () for all layers using
Dsim
3. for each pair (I, k) in layers do
4:  Compute Gram matrices K(), K(*) based

on Dsim

5:  Compute CKA similarity s;; via HSIC in
Eq. 4

6: end for

7: Construct similarity matrix S € R1*F
8: Initialize DP table V' and solve for optimal
blocks B using Eq. 7
9: Qutput: Set of non-overlapping blocks B
# Phase 2: Learning Merging Coefficients
10: Sample larger subset Dy.qin, C D where
|Dirain| = 10,000 {See Appendix A.1}
11: Initialize merging coefficients F. e RIT1x5
for blocks in B
12: Freeze original LLM parameters
13: while not converged do
14:  Sample batch x from Dyyqin
15:  for each block in B do

16: Compute merging coefficients via Eq. 8:
o = Softmax(F; ;) )
17: Merge weights via Eq. 9: W, =

ZJB:1 Qrj - WT(J)
18:  end for
19:  Forward pass to get logits Pu(z) and
Ppy ()
20  Compute Loss
Dk r(Pml|Par)
21:  Update F via gradient descent
22: end while
23: Apply learned « to permanently merge layers
24: Fine-tune M’ using LoRA on instruction data
25: return M’

in Eq. 10: £ =

A.2.3 Evaluation Datasets

We implement the LM Evaluation Harness (Gao
et al., 2024) with default configurations to assess
performance across various downstream tasks.
WikiText2 (Merity et al., 2016) This dataset
evaluates language modeling capabilities on high-
quality encyclopedic content. It retains original



Model ‘ Method ‘ Pruning Rate ‘ PPL (1) ‘ HellaSwag PIQA Winogrande MMLU ARC-e ARC-c RACE GSM8K ‘ Avg. Score
‘ Dense ‘ 0.00% ‘ 8.76 ‘ 76.19 78.73 69.46 41.71 73.82 4497  40.10 13.42 ‘ 54.80
MKA 18.75% 1008.68 54.59 66.81 59.19 33.29 55.81 38.05  30.24 0.76 42.34
ShortGPT 18.75% 27.04 65.18 72.03 64.64 25.90 57.45 3831 3349 1.74 44.84
SLEB 18.75% 14.77 64.89 74.48 59.83 26.48 59.68  34.64 3378 2.05 44.48
LaCo 18.75% 100.73 58.21 70.46 62.43 31.68 5795 3771  31.77 0.45 43.83
LLMPruner 18.75% 30.36 68.27 74.16 63.22 3449 6570 4121  35.60 6.37 48.63
Ours 18.75% 14.69 71.52 75.79 67.25 40.14 66.50 41.89 3943 5.00 50.94
MKA 25.00% 1842.92 49.81 65.72 57.70 25.06 52.10  36.26  30.05 0.38 39.64
ShortGPT 25.00% 47.19 59.53 68.44 66.06 23.49 5278  34.04  32.06 1.52 42.24
Llama2-7B SLEB 25.00% 20.33 60.91 71.60 58.56 27.66 54.21 32.08  31.67 1.52 42.28
LaCo 25.00% 145.97 51.37 65.51 59.12 3133 5299 3422 31.29 0.30 40.77
LLMPruner 25.00% 40.57 65.63 72.42 62.35 2514 61.83 3933 35.12 4.32 45.77
Ours 25.00% 20.28 67.06 72.09 68.19 38.72 62.25 3857 38.56 3.26 48.59
MKA 31.25% 3569.59 46.11 61.53 58.56 30.44 4840 3242  31.39 0.30 38.64
ShortGPT 31.25% 119.99 50.84 63.11 63.54 3722 4503 3217 32.63 0.53 40.63
SLEB 31.25% 28.78 54.27 68.50 54.22 25.64 5025  31.06  30.62 1.44 39.50
LaCo 31.25% 117.32 46.32 61.10 60.54 34.39 37.92 3208 3148 1.06 38.11
LLMPruner 31.25% 51.49 61.89 70.02 61.64 28.31 56.82 3592 35.02 212 43.97
Ours 31.25% 26.88 62.04 70.18 66.22 3791 5488 3439 37.03 2.20 45.61

Table 5: Zero-shot performance of Llama2-7B model with distinct pruning strategies. “Dense” denotes the unpruned
models and “PPL” denotes the perplexity evaluated on Wikitext2. Bold fonts indicate the best results, while
underlined values represent the sub-optimal performance.

article structures to test the ability of the model to
handle long-term dependencies.

HellaSwag (Zellers et al., 2019) As a bench-
mark for commonsense natural language inference,
HellaSwag challenges models to select the most
plausible continuation of a sentence. It employs
adversarial filtering to ensure the task requires gen-
uine reasoning rather than simple statistical match-
ing.

PIQA (Bisk et al., 2019) Focusing on physical
commonsense, PIQA presents questions regarding
the interaction of physical objects. The model must
identify the plausible solution to a specified goal,
testing its grounding in real-world physics.

Winogrande (Sakaguchi et al., 2019) This
dataset is designed to evaluate robust common-
sense reasoning and pronoun resolution. It filters
out biases prevalent in earlier datasets to ensure
performance relies on reasoning capabilities rather
than algorithmic artifacts.

MMLU (Hendrycks et al., 2021) MMLU serves
as a comprehensive test of general world knowl-
edge and problem-solving ability. It covers a wide
array of subjects across STEM, the humanities, and
social sciences, ranging from elementary to profes-
sional levels.

ARC (Clark et al., 2018) The AI2 Reasoning
Challenge (ARC) evaluates grade-school scientific
knowledge. We report results on both the Easy
subset (ARC-e), which tests basic fact retrieval, and
the Challenge subset (ARC-c), which requires deep
reasoning to solve complex scientific scenarios.

RACE (Lai et al., 2017) Collected from English
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reading comprehension examinations, RACE re-
quires diverse reasoning skills including summa-
rization, inference, and detail extraction to select
correct answers based on provided passages.
GSMSK (Cobbe et al., 2021) This benchmark
assesses multi-step mathematical reasoning. It con-
sists of high-quality grade school math word prob-
lems that require the model to generate a chain of
thought to reach the correct numerical solution.

A.3 Extended Evaluation on LLaMA2-7B

Table 5 presents the performance comparison be-
tween WalLeM and baseline methods on Llama2-
7B across various pruning rates. Our proposed
WaLeM consistently outperforms existing base-
lines on the majority of tasks. We observe par-
ticularly significant improvements on HellaSwag,
Winogrande, MMLU and RACE. Notably, WalL.eM
retains over 90% of the original performance on
MMLU and RACE even with 31.25% of layers
pruned.

A.4 Detailed Results for Sensitivity to
Merging Granularity

Table 6 details the numerical results corresponding
to Figure 4. We explored various block size con-
straints to determine the optimal trade-off between
compression rate and model performance. Our ex-
periments reveals an inverted-U performance trajec-
tory. Small blocks (2 to 4 layers) fail to fully exploit
redundancy between consecutive layers, leading to
an increased number of blocks and merged layers.
This fragmentation exacerbates error accumulation



Model ‘ Size Range ‘ PPL () ‘ Avg. Score ‘ Block Indices

2-4 13.67 58.93 (1819}, {21-24}, {27-28}, {29-30}
3.5 13.62 60.20 (21-24}, {27-30}

Llama3-8B 4-6 13.62 60.20 (21-24}, {27-30}
5.7 14.05 55.12 {18-24)
6-8 14.05 55.12 (18-24)
2-4 12.15 55.78 (26-29}, {30-31}, {32-33}, {34-36), (37-38)
3.5 11.63 56.73 (27-31}, {3236}

Llama2-13B 4-6 11.66 56.58 {26-291, {30-35}
5.7 11.63 56.73 (27-31}, {32-36)
2-4 17080 | 5729 | {1-2}, {4-6), {11-13}, {20-21}, {23-24], {26-27}, {28-29], {42-43}
3-5 315.61 54.80 {4-6), {11-13}, {17-19}, {20-22}, {23-25)

Qwen2.5-14B 4-6 11.95 55.65 (11-14}, {20-24}, {26-29)
5.7 11.96 55.58 {11-15}, {20-26}
6-8 1421 56.53 {20-25}, {36-41)

Table 6: Performance comparison of pruned models with different merging block sizes at a 20% pruning ratio.
"Block Indices" column details the specific layer indices contained within each merged block.

during forward propagation. Conversely, larger
blocks (6 to 8 layers) degrade performance by over-
compressing distinct feature representations. Em-
pirically, a block size range of 3 to 6 offers the most
effective granularity, yielding the highest average
accuracy and lowest perplexity on Llama3-8B and
Llama2-13B.

We formally demonstrate that small block sizes
lead to higher error accumulation. Consider a net-
work interval of 4 layers. We compare the Small
Block Strategy (merging two 2-layer groups se-
quentially) against the Large Block Strategy (merg-
ing 4 layers directly).

Let € denote the forward propagation error aris-
ing from merging 2 layers. Assuming the fusion
error scales linearly with the number of layers, the
error for a 4-layer merge is 2¢. Let A represent the
feature amplification factor of the network layers.

For the Small Block Strategy, the error from the
first merged group is amplified by A during forward
propagation and accumulates with the error from

the second group:
Esmall:)\'e"i_e:e(AJ’_l) (11)

In contrast, the Large Block Strategy introduces
the fusion error only once:

Elarge = 2¢ (12)
Comparing the two strategies:
Esmal _ E()‘ + 1) — A+1 (13)
Elarge 2¢ 2

Since deep networks inevitably amplify input
perturbations (A > 1), we derive:

A+1

> (14)

>1 = Esmall > Elarge
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Figure 6: KL divergence loss during the merging co-
efficients learning phase on Llama2-13B with a 30%
pruning rate.

This inequality theoretically validates that merg-
ing of small blocks results in greater total error
compared to direct merging with larger blocks.

A.5 Pseudocode of WaLeM framework

We provide the comprehensive pseudocode for the
WalLeM framework in Algorithm 1. This process
encompasses the three distinct phases: global re-
dundancy analysis using CKA, learnable merging
training via knowledge distillation, and the final
post-fusion recovery.

A.6 Details of Training Process

We detail the optimization process of merging co-
efficients for Llama2-13B with a 30% pruning rate.
Figure 6 illustrates the KL divergence loss dur-
ing this phase. Given that the merging strategy
comprises three distinct blocks, Figure 7-9 depict



the evolution of merging coefficients for specific
weight types across different layers.

A.7 Details of Software Environment

All experiments were implemented using Python
3.11.14 in a Conda environment. The major soft-
ware components and their corresponding versions
are detailed as follows:

Software Version
PyTorch 2.9.1
Transformers 4.57.1
CUDA Libraries 12.8
PEFT 0.18.0
LM Eval 0.4.9.1
Accelerate 1.11.0
Datasets 4.4.1
Numpy 234
Pandas 2.3.3

Additional dependencies include scikit-learn
(1.7.2), wandb (0.23.0), and various utilities for
data processing and model optimization.

A.8 Case Study

Table 7 presents qualitative samples generated by
Llama3-8B at a 31.25% pruning rate. We observe
that our WaL.eM method effectively mitigates the
redundancy that typically leads to semantic drift
or tangential digression in the original model. As
a result, the pruned model generates text with im-
proved discourse structure and logical coherence,
even at high compression rate. Although minor
numerical hallucinations persist, the pruning pro-
cess demonstrates a significant de-noising effect:
it appears to filter out low quality corpus patters,
such as web crawl artifacts, and yields cleaner and
more focused outputs.
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Figure 7: Visualization of the learning process of merging coefficients across layers within Block 1. Left Axis:
Weight Types. Top Axis: Layer Index. Light lines represent raw data; bold lines represent smoothed trends.
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Figure 8: Visualization of the learning process of merging coefficients across layers within Block 2. Left Axis:
Weight Types. Top Axis: Layer Index. Light lines represent raw data; bold lines represent smoothed trends.
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Figure 9: Visualization of the learning process of merging coefficients across layers within Block 3. Left Axis:
Weight Types. Top Axis: Layer Index. Light lines represent raw data; bold lines represent smoothed trends.
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Creating a strong brand identity is essential for any modern business. While a logo is a good start, the most
successful companies understand that branding is actually about more than just what you see and hear. The
best brands also consider how they are perceived by their customers.

When it comes to establishing trust in your audience, there’s nothing like having an expert speak on behalf of
your company. So why not use the opportunity?

Hiring spokespersons can be expensive and time-consuming — but these days, video content has become
increasingly important as well!

In this article we’ll discuss 5 benefits associated with hiring experts who will represent yourself or organization
through various means including social media campaigns such as YouTube videos which offer great exposure
at little cost when compared against traditional advertising methods (TV spots).

1. Expertise: Hiring someone else speaks volumes

If you’re looking for something specific, then chances are other people have found success already. For
example if I want some help figuring out my taxes because tax season is coming up soon — would anyone
think twice before going online searching “tax accountant near me”? Well no one really needs to since all
sorts of websites exist dedicated solely towards finding answers from professionals within minutes rather than
hours waiting around while trying things themselves without guidance first hand experience etcetera...

Original

Creating a strong brand identity is essential for any modern business. While a logo is a good start, the most
successful companies understand that branding is actually about creating unique and memorable experiences
for their customers.

Here’s how to create an effective brand image:

1. Identify your target audience: Before you can create anything from scratch it’s important to know who
you’re targeting in terms of demographics such as age group or job titles etc

2. Define your value proposition: To have a clear idea which makes us different, we need to define our value
proposition - what exactly do they pay for?

3. Create visual elements: After identifying your target audiences and defining values it becomes easy to
choose colors, fonts, images & design style that resonates with them

4. Develop your digital presence: With more than 9 billion users worldwide on social media platforms and
millions every second considering whether there is enough room left between two sides? Social media has
become one of the easiest ways to reach out to potential buyers. So having presence at all possible platforms
like Facebook, Instagram, Twitter, LinkedIn, YouTube helps make a short attention span user engaged for
longer time longer period before turning away by providing engaging and informative information!

5. Engage with customer feedback: When you want people to buy your

Pruned

Explain the concept of "Photosynthesis’ to a 5-year-old child using a simple analogy. Photosynthesis is like
cooking. Plants use sunlight as energy, take in carbon dioxide from air and water from soil, make their own
food (glucose) which they need for growth, just like we cook our meals at home.

You might also want to ask your kid how plants grow bigger every day? It’s because it needs glucose or
sugar that comes out of photosynthesis! So next time you are outside playing with them, tell them about this
amazing process called Photosynthesis!

Original Do share any other good examples if you have heard so far!

- [(https://www.facebook.com/sharer/sharer.php?u=https://aakashdigitalsrv1.meritnation.com/ask-answer/qu)
- [](/board/detail/board.do?gnbrd=&amp;cmd=attach&amp;atch_file_id=17007054)

The following reaction represents photosynthesis:

6CO _{2} +12H {2} 0 —C _{6} H_{12} O _{6 } +60 _{2}

We can represent it by considering each molecule on its side

CO—COCOCOCOOHHO

Explain the concept of "Photosynthesis’ to a 5-year-old child using a simple analogy. Photosynthesis is like
cooking. Plants use sunlight as an ingredient and feed it into their bodies, then produce oxygen which can be
used by humans or animals that breathe it out at all time while we eat plants such as fruits, vegetables, rice,
potatoes etc. So instead of us cooks directly from our food sources, plants act as intermediaries for their
Pruned own nutritional needs. It’s just like how people cook and consume different foods depending on what they
taste or have preferences with regard to healthy diets and nutrition. The same applies when photosynthesis
occurs within the plant itself. Like how things are put in order through the process of cooking so too do
photosynthesis involve intricate processes involving light energy (sun), carbon dioxide air, water molecules
being converted into glucose (sugar) and oxygen, essential nutrients for both human and plants alike.

Table 7: Generated samples from original Llama3-8B and the model pruned via WalLeM with a 31.25% pruning
rate.
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