Improving Efficiency of Ternary Large Language Models through Pruning
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Abstract

As the environmental impact of Large Lan-
guage Models (LLMs) grows, improving model
efficiency has become critical for sustainable
NLP. Recent advances in model compression
have shown that ternary quantisation (i.e., us-
ing only {-1, 0, 1} as weights) substantially
reduces memory footprint, inference time, and
energy usage of LLMs with minimal perfor-
mance degradation. However, whether these al-
ready efficient models can be further pruned to
reduce resource requirements without compro-
mising effectiveness remains unexplored. We
investigate this question across six models, four
sparsity levels, and six structured and unstruc-
tured pruning techniques. We find that even
minimal pruning yields substantial efficiency
gains: pruning fewer than 5% of parameters re-
duces inference time and energy consumption
by up to 21%, and memory usage by up to 13%,
with minimal accuracy degradation. We also
find that, for pruned models with less than a 5%
accuracy drop, the most energy and inference-
time efficient configurations are achieved by
pruning entire attention layers, whereas the
most memory efficient configurations are ob-
tained by pruning entire MLP layers. These
findings highlight pruning as a complementary
technique to ternary quantisation for reducing
environmental footprint of LLMs while main-
taining model effectiveness. The code is avail-
able at: https://github.com/pietrotrope/
TernaryLLMsPruning.

1 Introduction

Large Language Models (LLMs) offer impressive
performance across a wide range of tasks (team,
2026; Liu et al., 2025; Yang et al., 2025a; Mistral-
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Figure 1: Efficiency gains of pruning ternary models.
Pruning a small amount of entire LLMs> MLP or at-
tention layers reduces time, energy, and memory usage
without substantially compromising their accuracy.

Al 2025). However, they require significant com-
putational resources when deployed. To mitigate
this, model compression techniques such as quanti-
sation and pruning are widely used (Dettmers et al.,
2024; Frantar and Alistarh, 2023). Quantisation
reduces the number of bits used to represent model
parameters (Lang et al., 2024) and pruning removes
parts of the model to reduce its size (Zhu et al.,
2024). Both methods can be applied during or after
training (Dettmers et al., 2024; Ma et al., 2024;
Frantar and Alistarh, 2023; Kurtic et al., 2022), yet,
when pruning LLMs, post-training pruning is the
most common solution due to high training costs.
Ternary quantisation such as the BitNet family
of ternary models (Ma et al., 2024; Wang et al.,
2023), uses only three values (i.e., {—1,0,1}) to
represent weights. This extreme quantisation tech-
nique achieves accuracy comparable with similarly
sized full precision models while requiring only
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1.58 bits per weight. Ternary models are designed
for deployment in edge devices and low-resource
settings (Ma et al., 2024), enabling broader acces-
sibility and more environmentally sustainable use
compared to full-precision models.

Although ternary quantisation reduces inference
time and memory footprint, it does not reduce the
number of model parameters. Pruning can comple-
ment quantisation by removing parameters directly,
potentially further reducing memory usage, infer-
ence time, and energy consumption. Thus, pruning
is relevant for sustainable NLP, as improving LLMs
efficiency will reduce their environmental impact.

To this end, we contribute the first comprehen-
sive analysis of post-training pruning for ternary
LLMs. We study the extent to which ternary LLMs
can be pruned without substantially compromising
their effectiveness, and we characterise the result-
ing trade-offs between effectiveness and efficiency.
Our study evaluates six pruning algorithms applied
to six ternary models across four sparsity levels,
measuring both downstream performance on seven
datasets and the models’ reduction in inference
time, energy, and memory requirements.

We find that (i) layer pruning is an effective so-
lution to prune ternary LL.Ms, allowing to remove
a small number of parameters without substantially
compromising accuracy. (ii) Even modest pruning,
especially when removing entire layers, improves
ternary LLMs’ efficiency (Fig. 1). (iii) Layer prun-
ing results in the best accuracy-efficiency trade-offs.
Among pruned LLMs with limited accuracy degra-
dation, pruning entire attention layers produces the
best improvements in inference time and energy ef-
ficiency, whereas pruning entire MLP layers yields
the greatest memory savings. Overall our findings
highlight new opportunities to improve efficiency
of low-resource LLMs.

2 Related Work

Model quantisation is a common compression ap-
proach that reduces the number of bits used to rep-
resent parameters (Lang et al., 2024), leading to
practical memory and inference time efficiency im-
provements. While common quantisation methods
reduce bits to 8, 4, or 2 (Xiao et al., 2023; Frantar
et al., 2023; Chee et al., 2023), recent work, such as
BitNet (Ma et al., 2024), has explored 1.58-bit mod-
els, also known as ternary models. These models
allow only three possible states ({—1,0, 1}), with
accuracy that matches similarly sized full-precision

52

models. Ternary models are natively sparse be-
cause one of their possible weight states is 0; the
value conventionally used to prune weights.

Pruning is another compression technique that
removes parameters or entire network structures
according to a heuristic. Pruning algorithms can
be unstructured or structured. Unstructured prun-
ing removes individual parameters. Examples of
such algorithms are Wanda (Sun et al., 2024), Ria
(Zhang et al., 2024), and SparseGPT (Frantar and
Alistarh, 2023). Structured pruning removes entire
structures such as neurons or layers (Michel et al.,
2019; Ma et al., 2023; Ashkboos et al., 2024). Un-
structured pruning generally yields better accuracy-
sparsity trade-offs (Hu et al., 2025a). Yet it does not
offer inference speedups unless paired with custom
hardware and sparsity patterns (Yang et al., 2025b).
Structured pruning, on the other hand, provides tan-
gible efficiency improvements by removing entire
structures (Hu et al., 2025a). A hybrid approach,
N:M semi-structured pruning, enables hardware
acceleration by enforcing at most /N non-zero pa-
rameters for every M contiguous parameters (Zhou
et al., 2021). However, as current hardware accel-
erates only 2:4 sparse matrices, this limits pruning
to remove exactly 50% of the weights and restricts
more fine-grained sparsity exploration.

Pruning and quantisation are often combined,
typically jointly, or by pruning first, then quantising
the model (Han et al., 2016; van Baalen et al., 2020;
Zhang et al., 2026). Zhang et al. (2026) applies
semi-structured pruning during training of ternary
LLMs. Yet, to the best of our knowledge, post-
training pruning of ternary LLMs is unexplored,
and addressing this gap is the focus of our work.

3 Study Design

To systematically analyse the interplay between
extreme quantisation and sparsity, we design a
comprehensive evaluation framework that subjects
ternary LL.Ms to varying degrees of pruning. Our
aim is to study how pruning ternary LLMs affects
both effectiveness and efficiency.

3.1 Ternary Models

We use six ternary LLMs, covering a wide range
of sizes (from 1B, up to 8B), and all four LLM
families using the BitNet architecture (Wang et al.,
2023). Specifically, we use BitNet 2B (Ma et al.,
2024), Llama 3 8B 1.58b (Mekkouri et al., 2024),
the 1B and 3B Falcon Edge models (Falcon-LLM



Team, 2025), and the 3B and 7B versions of Falcon
3 1.58b (Falcon-LLM Team, 2024).

3.2 Pruning Methods

We compress ternary LLMs using six widely-used
algorithms covering three families of pruning ap-
proaches: (1) Unstructured pruning, which re-
moves individual parameters; (2) Neuron pruning,
which eliminates entire neurons (corresponding to
rows in the weight matrices); and (3) Layer prun-
ing, which removes entire layers from the network.
We chose these algorithms to prune ternary models
at different granularities, ranging from individual
parameters to neurons to entire layers.
Unstructured Pruning. We prune individual pa-
rameters using two of the best-performing unstruc-
tured pruning algorithms for LLMs: Wanda (Sun
et al., 2024) and Ria (Zhang et al., 2024). We ex-
clude unstructured pruning methods that rely on
weight reconstruction, i.e., algorithms that modify
the remaining weights after pruning to recover ac-
curacy, such as SparseGPT (Frantar and Alistarh,
2023), because these updated weights would vi-
olate the ternary constraints. Wanda determines
which parameters to prune based on the absolute
magnitude of weights (0 or 1 in ternary models)
and activations. Ria extends Wanda by incorpo-
rating both row-wise and column-wise normalised
weight magnitudes, averaging these two scores and
using activations to guide pruning. We use the stan-
dard configurations for both algorithms. As Sun
et al. (2024) and Zhang et al. (2024), we compute
activations with 128 samples of 2048 tokens from
the C4 dataset (Raffel et al., 2020).

Neuron Pruning. To prune neurons, we use the
algorithm from Hu et al. (2025a) on neurons, which
is a straightforward approach to remove neurons
without retraining or violating ternary constraints.
The algorithm computes each neuron’s score by
summing its parameter scores (using Wanda’s scor-
ing function) and removes neurons with the lowest
scores. When a neuron is removed from an MLP
block, the corresponding weights in subsequent lin-
ear layers are also pruned, eliminating the features
produced by that neuron. For attention layers, we
apply an analogous strategy by removing features
that are consistently inactive, i.e., those that remain
zero across 128 sequences of 2048 tokens. We use
two variants for this method: one to prune atten-
tion layers and one for MLP. Since we work with
ternary LLMs, we do not update weights after prun-
ing, as in Hu et al. (2025a). Weights updates would
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Dataset Task #samples # Classes

ARC Easy Multiple Choice QA 2376 4
ARC Challenge Multiple Choice QA 1172 4
OpenBookQA  Multiple Choice QA 500 4
BoolQ Question Answering (Yes/No) 3270 2
RTE Natural Language Inference 277 2
Hellaswag Natural Language Inference 10000 4
Winogrande Commonsense reasoning 1267 2
Wikitext-2 Language Modelling 4358 -

Table 1: Datasets’ task, number of samples, and classes.

result in non-ternary weights.

Layer Pruning. For layer pruning, we use the
lightweight method proposed by He et al. (2026).
We select this approach because, unlike other meth-
ods, it does not yield domain-specific models (Hu
et al., 2025b), and does not require further training
(Lu et al., 2024). This pruning algorithm iteratively
removes layers from an LLM based on their rela-
tive importance. Layer importance is estimated as
the cosine similarity between its input and output
representations (Men et al., 2025); where lower
similarity implies higher importance. This relies
on a small calibration set to obtain layer inputs and
outputs. Since He et al. (2026) demonstrate that
their method is robust to the quantity of calibra-
tion data, we use eight sequences of 2048 tokens
sampled from the C4 dataset. Similar to Neuron
Pruning, we use one variant that removes attention
layers and another that removes MLP layers.

3.3 Model Sparsity Setup

To fairly compare different pruners, all pruned mod-
els must achieve roughly the same final sparsity.
Otherwise, applying the same pruning threshold, a
hyperparameter that controls how many parameters
are removed, can remove very different numbers
of parameters across methods, making efficiency
comparisons unfair. This is not straightforward,
as each method uses a pruning threshold, but its
interpretation differs across strategies. In unstruc-
tured pruning, the threshold identifies the percent-
age of parameters to remove per layer, regardless
of whether some of these parameters are already
zero (i.e., already pruned). In neuron pruning, it
indicates the fraction of neurons to remove, ignor-
ing the sparsity of the remaining neurons. In layer
pruning, it defines the number of layers to remove,
independent of their internal sparsity.

As a result, the pruning threshold does not di-
rectly determine final sparsity. For instance, in
unstructured pruning (e.g., Wanda), neurons that
are already sparser than the pruning threshold are
left unchanged. When combined with other neu-



rons that are pruned, the average sparsity of the
layer will exceed the pruning threshold. Practically,
if one neuron is already 45% sparse and the prun-
ing threshold is 30%, the neuron is not pruned, and
its higher sparsity adds to the overall layer, pushing
the final average sparsity above 30%.

Prior work typically evaluates pruning methods
within a single pruning family (e.g., structured or
unstructured) on dense models (He et al., 2026;
Sun et al., 2024; Frantar and Alistarh, 2023), mak-
ing sparsity standardisation unnecessary. In con-
trast, we study already sparse models using differ-
ent pruning families; therefore, we need to consider
the target sparsity. To address this, we first select
thresholds for attention-layer pruning. For other
methods, we perform a binary search to find thresh-
olds that achieve the closest final sparsity, stopping
once the target is reached within 1% tolerance. This
ensures that all pruned models achieve roughly the
same sparsity. We present the final sparsities and
pruning thresholds in the Appendix (see Tabs. 3-8).

3.4 Effectiveness Evaluation

We use seven question-answering and natural lan-
guage inference datasets: ARC Easy and ARC
Challenge (Clark et al., 2018), OpenBookQA (Mi-
haylov et al., 2018), BoolQ (Clark et al., 2019),
RTE (Wang et al., 2018), Hellaswag (Zellers et al.,
2019), and Winogrande (Sakaguchi et al., 2021).
We measure 0-shot accuracy on the test set of all
datasets, using LM Evaluation Harness (Gao et al.,
2024) standard prompt templates. We also evalu-
ate language modelling effectiveness by computing
perplexity on the Wikitext-2 dataset (Merity et al.,
2017). Tab. 1 presents an overview of the datasets.
Except for layer pruning, which removes layers in
a fixed order and produces identical models, all
results are averaged over three random seeds.

3.5 Efficiency Evaluation

We evaluate efficiency by measuring memory, GPU
time, and energy required by the models. Following
(Ashkboos et al., 2024; Sun et al., 2024; Frantar and
Alistarh, 2023), we use matrix multiplication time,
which requires the most computation in LLMs, as a
proxy for inference time. We extend this approach
by tracking memory and energy consumption, and
by measuring all layers individually rather than
using a single representative matrix per layer type.

We compute efficiency as follows. For layer
pruning, we exclude the computation time of re-
moved layers and aggregate the inference time of
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the remaining layers. For neuron pruning, we in-
stantiate smaller layers with the pruned neurons
removed, measure the resulting matrix multiplica-
tion costs, and sum the times across all layers. All
evaluations use real activations sampled from 128
sequences of 2048 tokens from the C4 dataset.

We compute memory savings based on the
layer’s total number of parameters (including zeros)
and the number of bits used to represent them. GPU
time and energy are tracked on full-precision ma-
trices (i.e., 32 bits) using Carbontracker (Anthony
et al., 2020), a framework that tracks resource us-
age of Deep Learning models.

We note that unstructured pruning approaches
do not yield more efficient models directly, as
they require dedicated hardware to leverage spar-
sity, which currently does not exist. Hence, we
only track the efficiency of structured pruning algo-
rithms. Furthermore, unlike Sun et al. (2024) and
Frantar and Alistarh (2023), we exclude NVIDIA
Cutlass acceleration for N:M sparsity (where a ma-
trix admits at most /N non-zero parameters for ev-
ery contiguous M parameters). This is necessary
as our pruned models are not N:M sparse, and en-
forcing this structure would constrain unstructured
pruning to a 50% sparsity.

Accuracy-Efficiency trade-off. We study the
accuracy-efficiency trade-off of our pruned LLMs
using the measure Performance per Resource Unit
(PePR) (Selvan et al., 2025). PePR is defined as:
P
T1+R
where R = (R — Ruin)/(Rmaz — Rmin) is the
min-max normalised resource cost in the experi-
mental setting. In our experiments, we track mem-
ory and energy consumption and apply normali-
sation separately for each model, considering its
various pruned versions. P is a normalised measure
of model performance, in our case, accuracy. The
PePR score ranges between 0 and 1. Lower scores
indicate a worse trade-off between effectiveness
and efficiency, while a score of 0 corresponds to
a model with 0% accuracy. A score of 1 indicates
a model that achieves 100% accuracy while being
the most efficient in terms of the chosen resource.

PePR(R, P) (1)

4 Results

4.1 Effectiveness

Figs. 2 (a-g) show the accuracy of pruned and un-
pruned BitNet across all datasets (see Figs. 6-10 in
Appendix for other models). Across datasets and
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Figure 2: Panels (a)-(g): Accuracy of pruned and unpruned BitNet on seven datasets (y-axis), plotted against the
relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned and
unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are shown
with dashed lines. All shaded regions indicate variability across three runs (+ standard deviation).

models, pruning MLP layers consistently yields the
highest accuracy given a model sparsity. In con-
trast, neuron removal on attention layers results in
the lowest accuracy across sparsity levels.

Overall, MLP layer pruning can increase model
sparsity up to 5% while keeping accuracy drops
below 5%. The only exception is Falcon-E 3B, for
which our experimental setup limits the sparsity in-
creases to 4%. Nevertheless, the same trend holds
when increasing sparsity up to 4%. These results
demonstrate that ternary models, despite being in-
herently sparse, can be further sparsified through
pruning with high accuracy retention.

Fig. 2 (h) shows models’ perplexity on Wikitext-
2 (see Appendix, Figs. 6-10 for other models). Un-
structured pruning (Wanda and Ria) achieve the
lowest perplexity when pruning the most param-
eters, whereas neuron removal yields the highest
perplexity. For both neuron and layer removal,
pruning attention layers leads to higher perplexity
than pruning MLP. This trend holds across models.

4.2 Efficiency

We next quantify the impact of pruning on ternary
models efficiency by analysing their inference time,
energy consumption, and memory requirements on
128 samples from the C4 dataset. We remove out-
liers that deviate by more than three standard de-
viations from the mean matrix multiplication time.
These outliers account for less than 2.2% of the data
and are sporadic measurements with abnormally
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large runtimes, which would skew the estimates.
Fig. 3 shows the average inference time (first col-
umn), energy consumption (second column), and
memory requirements (third column) of pruned Bit-
Net and LLaMA models at a fixed target sparsity
(as the trends are consistent across models, the re-
maining models are provided in Appendix, Figs.
11, 12, and 13). Across all models, pruning at-
tention layers (dark blue lines) consistently yields
the lowest inference time for a given target spar-
sity.! In contrast, pruning entire neurons (green
lines) in the attention and MLP layers results in
slower inference in most settings. We hypothesise
that this behaviour arises because GPUs are highly
optimised for matrix operations with specific di-
mensions; removing neurons may increase compu-
tation time rather than reducing it if the shape of
the new matrix is not aligned with GPU-optimised
cores (NVIDIA, 2023). Similarly, when it comes
to energy consumption (second column), except for
Falcon-3 7B, removing attention layers produces
the most energy-efficient models across sparsity
levels. Last, for a fixed target sparsity, all pruning
algorithms achieve similar reductions in memory
footprint, except for BitNet, where MLP neuron
removal leads to greater memory savings than the
other pruners. Overall, this means that in our set-
tings, pruning attention layers is the most effective

'This advantage would likely be greater in deployment,
where pruning attention layers reduces KV-cache overhead;
here we measure only matrix multiplication time.
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Figure 3: Efficiency of pruned models as a function of sparsity. The first, second, and third columns show inference
time, energy, and memory, respectively, with sparsity on the x-axis. Coloured lines represent different pruning
methods, while the black dotted line indicates the unpruned model. The black dot marks the sparsity of the unpruned
model. For time and energy, all shaded regions indicate variability across 128 samples (+ standard deviation).

strategy for reducing time and energy requirements.

4.3 Effectiveness-efficiency Trade-off

Next, we evaluate accuracy-efficiency trade-off of
pruned models using the PePR score (see Sec. 3.4).

Performance Per Resource Unit. Fig. 4 shows
the PePR time (first column), PePR energy (second
column), and PePR memory (third column) scores
of different pruned versions of BitNet as a func-
tion of their final sparsity on two datasets. Similar
trends are observed across all datasets and model
architectures (see Appendix, Figs. 14-31).

When pruning a small fraction of parameters,
removing entire attention layers (dark blue lines)
yields the best performance per unit of inference
time and energy. However, as sparsity increases,
pruning entire MLP layers (light blue lines) often
produces models that require less time and energy
to achieve the same performance. Across all spar-
sity levels, pruning MLP layers is the strategy that
most frequently maximises performance per unit of
memory. In contrast, neuron-level pruning (green
lines) significantly harms model accuracy, consis-
tently resulting in worse PePR scores than the orig-
inal unpruned model (black dot).

Across all models and datasets, we consistently
find pruned configurations that outperform the orig-
inal model in time or memory efficiency while
achieving higher PePR scores, indicating better
accuracy per unit of time, memory, or energy.

Overall, pruning either MLP or attention layers
yields the best accuracy-efficiency trade-offs.
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Accuracy against Efficiency. Performance per
resource unit alone does not provide a complete
picture of a model’s suitability for deployment,
as it collapses accuracy and efficiency into a sin-
gle scalar value. This aggregation does not show
which model best satisfies specific deployment con-
straints, such as strict limits on memory usage or
energy consumption. Given a concrete deployment
bottleneck, a more informative approach is to di-
rectly examine model accuracy as a function of the
constrained resource. Accordingly, we next study
the accuracy-time, accuracy-energy, and accuracy-
memory trade-offs of the pruned models.

Fig. 5 shows the accuracy of pruned BitNet mod-
els on two classification tasks against their mean
inference time (first column), energy (second col-
umn), and memory requirements (third column).
Similar trends hold across other datasets and model
architectures (Appendix, Figs. 32-49).

Across all three efficiency aspects, in the best
case, removing entire attention layers yields mod-
els that remain close in accuracy to the unpruned
model (black point), with accuracy drops not ex-
ceeding 5% (except for BoolQ, where the drop
reaches 11%). This pruning strategy increases spar-
sity by less than 4% while delivering substantial
efficiency gains, including up to a 21% inference
time and energy consumption reduction. Pruning
MLP layers also preserves accuracy but results in
more limited reductions in inference time and en-
ergy usage. These trends hold consistently across
all models, except Falcon-3 3B, where removing at-
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Model Pruning Algorithm Sparsity Accuracy ACIE:;:CY (lligelzgvyh) TE:;e N[(t;[l’l];))l' ¥
BitNet 2B Unpruned 0.422 0.609 - 0222 0.060 3975
BitNet 2B Layer removal (attn) 0.457 0.589 0.020 0.189  0.050 3725
BitNet 2B Layer removal (mlp) 0.452 0.602 0.007 0.216 0.058 3773
BitNet 2B Layer removal (mlp) 0.468 0.590 0.020 0.213  0.057 3671
BitNet 2B Layer removal (mlp) 0.498 0.570 0.039 0.206 0.055 3469
Llama3 8B Unpruned 0.357 0.543 - 0.241 0.062 13312
Llama3 8B Layer removal (attn) 0.388 0.532 0.011 0.208 0.054 12672
Llama3 8B  Layer removal (attn) 0.403 0.510 0.033 0.191 0.049 12352
Llama3 8B Layer removal (mlp) 0.389 0.532 0.010 0.234  0.061 12640
Llama3 8B Layer removal (mlp) 0.406 0.515 0.028 0.231  0.060 12304
Llama3 8B Layer removal (mlp) 0.422 0.506 0.036 0.228  0.059 11968

Table 2: Configurations of pruned BitNet 2B and Llama3 8B where the drop in accuracy does not exceed 5%.

tention layers always leads to substantial accuracy
drops on ARC Easy and BoolQ.

In terms of memory efficiency, for accuracy
drops of up to 5%, pruning MLP layers leads to
the best memory-accuracy trade-off. Across the
evaluated models, it reduces memory requirements
by 5.6-13%. The largest reduction is achieved for
Llama 8B, where memory usage decreases by more
than 1.3 GB (13%) while maintaining an accuracy
drop below 5% (see Appendix, Figs. 43, 49).

These results show that modest levels of pruning
can yield substantial deployment benefits: in our
settings, pruning entire MLPs is the most effective
approach to reduce memory footprint (13%), with-
out substantially lowering accuracy, whereas prun-
ing entire attention layers provides the largest re-
ductions in inference time and energy consumption
(21%) while maintaining competitive accuracy.

57

5 Recommendations

Our experiments provide a comprehensive view of
how pruning affects ternary models’ accuracy and
efficiency. Notably, we reveal consistent patterns
across architectures, datasets, and resource con-
straints, offering practical deployment guidelines.
Pruning a small number of ternary models’ pa-
rameters preserves accuracy while substantially im-
proving efficiency (See Tab. 2 for examples on Bit-
Net 2B and Llama3 8B). Pruning attention layers
yields the largest reductions in inference time and
energy consumption (21%), while pruning MLP
layers achieves the greatest memory savings (13%),
both without exceeding a 5% accuracy loss. For ex-
ample, serving one million queries® with the most
energy-efficient pruned BitNet model (removing
eight attention layers) reduces estimated CO2 emis-
sions from 851 to 725 g in the USA, 764 to 650 g

YIndividual queries served without batching, assuming an
average sequence length of 2,048 tokens.
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in Germany, and 1,242 to 1,058 g in China. For the
USA, this reduction is equivalent to decreasing the
emissions associated with driving a passenger car
from approximately 8.0 km to 6.8 km.?

Since entire layers are pruned, we expect effi-
ciency improvements to generalise to inference
frameworks such as BitNet.cpp (Wang et al., 2024),
which provides optimised kernels for inference
with packed ternary models (i.e., models that store
multiple ternary weights per byte). In contrast,
the other pruning methods would not reduce the
memory footprint of packed ternary models. For
instance, neuron pruning degrades accuracy, of-
fers poor efficiency trade-offs, and is incompatible
with BitNet.cpp, as it alters matrix sizes and breaks
optimised kernels, making it unsuitable for low-
resource deployment. Unstructured pruning cannot
currently yield efficiency gains on low-resource
hardware either, as it requires strict N:M sparsity
patterns and specialised hardware to improve ef-
ficiency. Overall, when balancing efficiency and
accuracy, attention layer pruning is the best strategy
to minimise time and energy constraints, whereas
MLP layer pruning is best for memory constraints.

Lastly, when pruning ternary LLMs, we rec-
ommend (i) pruning entire attention or MLP lay-
ers first, depending on the deployment constraint.
(i1) Increase sparsity moderately (typically below
5%) to maintain accuracy while gaining efficiency.
(iii) Evaluate multiple pruning configurations us-

3CO; emissions and driving distances are estimated using
country-specific emission factors from CarbonTracker.
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ing both PePR scores and effectiveness-efficiency
models comparison to find the optimal trade-off for
the target deployment environment.

6 Conclusions

In this work, we studied whether already compact
ternary LLMs can be pruned to improve memory
footprint, inference time, and energy consumption,
while preserving effectiveness. We evaluated six
pruning algorithms across six ternary LLMs and
seven datasets, analysing accuracy, GPU inference
time, energy consumption, and memory footprint.
We found that layer pruning can remove a moder-
ate number of parameters (e.g., 5%) from ternary
LLMs, improving their efficiency without substan-
tially compromising accuracy. Ternary LLMs are
more sensitive to pruning than reported for full-
precision models. Moreover, unlike prior work on
full-precision models (Hu et al., 2025a), layer prun-
ing yielded the highest accuracy in our experiments.
Importantly, pruning specific layer types can help
target deployment bottlenecks while preserving ac-
curacy. Across models, the best memory trade-
offs within a 5% accuracy drop were achieved by
pruning MLP layers, while the best inference time
and energy trade-offs were obtained by pruning
attention layers, providing practical guidance for
deployment in resource-constrained environments.

Future work will explore pruning approaches
that combine attention and MLP layer removal
to better understand their effectiveness-efficiency
trade-offs. Additionally, pruning methods specif-



ically tailored to ternary models should be devel-
oped, including strategies for weight reconstruction
that respect ternary constraints, as common meth-
ods like SparseGPT cannot be directly applied. Fur-
ther work will also explore the end-to-end decoding
efficiency of pruned ternary models on specific in-
ference frameworks and formats such as BitNet.cpp

Limitations

This study investigates the effectiveness-efficiency
trade-offs of pruning ternary models using unstruc-
tured, neuron, and layer pruning. While we cover a
variety of pruning strategies, additional heuristics
within each family could be explored. We evalu-
ated efficiency by tracking GPU time, energy, and
memory for matrix multiplications, but other ap-
proaches could produce different results, such as
measuring CPU resource usage or efficiency in al-
ternative model formats like BitNet.cpp. As our
experiments focus on ternary models, the findings
may not directly generalise to full-precision mod-
els, though studying their effectiveness-efficiency
trade-offs would be valuable. Finally, we only eval-
uated ternary LLMs based on the BitNet architec-
ture (Wang et al., 2023), and further research is
needed for other ternary models, such as the Spec-
tra suite (Kaushal et al., 2024).

Ethics Statement
This study focuses on investigating the
effectiveness-efficiency trade-offs of prun-

ing ternary LLMs to support future deployment
in resource-constrained environments. While
pruning improves efficiency and accessibility,
these models remain subject to limitations and
potential risks, including biases, hallucinations,
misinformation, or inappropriate outputs. Models
should be deployed responsibly with appropriate
safety measures in place. All experiments were
conducted on publicly available datasets and
models, without using private or sensitive data. We
will share our code (upon acceptance) to support
reproducibility and further research.
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A Study Design

We present the pruning thresholds and final spar-
sities for all configurations of models and pruning
algorithms in Tables 3-8.

All experiments are performed on NVIDIA
H100, except for effectiveness, which is tracked
using both A100 and H100 GPUs.

B Results

Figs. 6-10 show the accuracy of pruned and un-
pruned ternary models across all datasets.

Figs. 11, 12, and 13 show the average inference
time, energy consumption, and memory require-
ments, respectively, at different sparsity levels for
all pruned models.

Figs. 14 to 31 show the PePR time, energy, and
memory, respectively, at different sparsity levels
for all pruned models.

Figs. 32 to 49 show the inference time, energy
consumption, and memory requirements, respec-
tively, against accuracy for all pruned models.

Tabs. 9-14 show a summary of the accuracy,
energy consumption, time, and memory measure-
ments obtained for all pruned configurations of the
models.
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sparsity

pruner threshold sparsity
Layer_removal (attn) 8 0.457 pruner threshold
12 0.475 Layer_removal (attn) 8 0.411
16 0.493 12 0.418
20 0.511 16 0.425
Layer_removal (mlp) 2 0.452 20 0.433
3 0.468 Layer_removal (mlp) 1 0.413
5 0.498 2 0.430
6 0.513 Neuron_removal (attn) 25 0.409
Neuron_removal (attn) 25 0.449 50 0.423
30 0.482 Neuron_removal (mlp) 3 0.411
62 0.498 6 0.426
75 0.517 Wanda 37 0.403
Neuron_removal (mlp) 12 0.464 40 0.415
15 0.477 41 0.421
18 0.489 43 0.437
25 0.519
Wanda 43 0.456 Table 5: Pruning thresholds and final sparsities for
46 0.482 Falcon-E-3B-Base
48 0.499
50 0.518

Table 3: Pruning thresholds and final sparsities for
bitnet-b1.58-2B-4T

sparsity
pruner threshold
sparsity Layer_removal (attn) 8 0.388
pruner threshold 12 0.403
Layer_removal (attn) 8 0.437 16 0.418
12 0.450 20 0.433
16 0.464 Layer_removal (mlp) 2 0.389
20 0.478 3 0.406
Layer_removal (mlp) 1 0.431 4 0.422
2 0.452 5 0.439
3 0.472 Neuron_removal (attn) 25 0.382
Neuron_removal (attn) 25 0.428 50 0.411
50 0.448 62 0.426
75 0.469 Neuron_removal (mlp) 6 0.383
Neuron_removal (mlp) 6 0.438 9 0.398
9 0.452 12 0.413
12 0.466 15 0.428
15 0.481 Wanda 37 0.385
Wanda 43 0.443 40 0.409
46 0.467 43 0.437
48 0.485

Table 6: Pruning thresholds and final sparsities for

Table 4: Pruning thresholds and final sparsities for Llama3-8B-1.58-100B-tokens

Falcon-E-1B-Base
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sparsity

pruner threshold

Layer_removal (attn) 8 0.342 3
12 0371 sparsity
16 0.401 pruner threshold
20 0.430  Layer_removal (attn) 8 0.325

Layer_removal (mlp) 2 0.333 12 0.335
4 0.383 16 0.345
5 0.409 20 0.356
6 0.434  Layer_removal (mlp) 1 0.326

Neuron_removal (attn) 37 0.337 2 0.349
62 0.378  Neuron_removal (attn) 25 0.320
75 0.400 50 0.338
88 0.423  Neuron_removal (mlp) 3 0.320

Neuron_removal (mlp) 12 0.344 6 0.337
18 0.376 9 0.355
21 0.392  Wanda 31 0.320
28 0.430 34 0.345

Wanda 34 0.344 35 0.354
37 0.372
40 0.401 Table 8: Pruning thresholds and final sparsities for
43 0.430 Falcon3-7B-Base-1.58bit

Table 7: Pruning thresholds and final sparsities for
Falcon3-3B-Base-1.58bit
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Figure 6: Panels (a)-(g): Accuracy of pruned and unpruned Falcon-E 1B on seven datasets (y-axis), plotted against
the relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned
and unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are
shown with dashed lines. All shaded regions indicate variability across three runs (+ standard deviation).
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Figure 7: Panels (a)-(g): Accuracy of pruned and unpruned Falcon-E 3B on seven datasets (y-axis), plotted against
the relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned
and unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are
shown with dashed lines. All shaded regions indicate variability across three runs (+ standard deviation).
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Figure 8: Panels (a)-(g): Accuracy of pruned and unpruned Llama3 on seven datasets (y-axis), plotted against the
relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned and
unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are shown
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Figure 9: Panels (a)-(g): Accuracy of pruned and unpruned Falcon3 3B on seven datasets (y-axis), plotted against
the relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned
and unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are
shown with dashed lines. All shaded regions indicate variability across three runs (+ standard deviation).
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Figure 10: Panels (a)-(g): Accuracy of pruned and unpruned Falcon3 7B on seven datasets (y-axis), plotted against
the relative sparsity of the pruned models compared to the original model (x-axis). Panel (h): Perplexity of pruned
and unpruned BitNet on the Wikitext-2 dataset (y-axis) versus relative sparsity (x-axis). Unpruned models are
shown with dashed lines. All shaded regions indicate variability across three runs (+ standard deviation).
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Figure 11: Inference time of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the inference time for the unpruned model. The black dot
marks the sparsity of the original unpruned model. All shaded regions indicate variability across 128 samples (+
standard deviation).
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Figure 12: Energy consumption of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the energy consumption for the unpruned model.
The black dot marks the sparsity of the original unpruned model. All shaded regions indicate variability across 128
samples (+ standard deviation).
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Figure 13: Memory requirements of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the memory requirements for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 14: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 15: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 16: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 17: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 18: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 19: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
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Figure 20: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 21: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 22: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 23: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different

pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 24: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 25: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 26: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 27: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 28: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 29: PePR time score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR time score for the unpruned model. The black dot
marks the sparsity of the original unpruned model.
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Figure 30: PePR energy score of pruned models as a function of sparsity (x-axis). Coloured lines represent different
pruning methods, while the black dotted line indicates the PePR energy score for the unpruned model. The black
dot marks the sparsity of the original unpruned model.
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Figure 31: PePR memory score of pruned models as a function of sparsity (x-axis). Coloured lines represent
different pruning methods, while the black dotted line indicates the PePR memory score for the unpruned model.
The black dot marks the sparsity of the original unpruned model.
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Figure 32: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.
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Figure 33: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 34: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.
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Figure 35: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.

Falcon-E 1B, ARC Challenge

Falcon-E 1B, ARC Easy

Falcon-E 1B, BoolQ

Falcon-E 1B, HellaSwag

10 10 10
08 0.8 0.8 0.8
EOG EDG . ... .. EDG . L) - ‘EDG
5 5 D E ° 5
3 3 . o 3 « ° “ 3
gos PRy gos . o | Eo4f e e | Foo Ty
o o . . o ® * o
02{ e @ °e 02 02 02
00 00 00 00
1.0 12 14 16 18 2.0 2.2 1.0 12 14 16 18 2.0 2.2 1.0 12 14 16 18 2.0 2.2 10 12 14 16 18 2.0 2.2
Model energy consumption (kWh) 1e-6 Model energy consumption (kWh) 1e-6 Model energy consumption (kWh) 1e-6 Model energy consumption (kWh) 1e-6
o Falcon-E 1B, OpenBookQA o Falcon-E 1B, RTE o Falcon-E 1B, Winogrande
@® Layer removal (attn)
08 0.8 0.8
gas gos a §06 5 == [ ) Layer removal (mlp)
] ] e o o o ° 3 e o o - o
Lo Lo Lo @® Neuron removal (attn)
U vy,
1 o o T % o2 o @® Neuron removal (mlp)
0.0 0.0 0.0
10 12 14 16 18 20 22 10 12 14 16 18 20 22 10 12 14 16 18 20 22

Model energy consumption (kWh) 1e-6

Model energy consumption (kWh) 1e-6

Model energy consumption (kWh) 1e-6

Unpruned model

Figure 36: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 37: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.
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Figure 38: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.
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Figure 39: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 40: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.
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Figure 41: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.
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Figure 42: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 43: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.
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Figure 44: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.
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Figure 45: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 46: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.
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Figure 47: Inference time of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the inference
time required by the unpruned model.
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Figure 48: Energy consumption of pruned models against model accuracy (y-axis). Coloured dots represent different
pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the energy
consumption of the unpruned model.
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Figure 49: Memory requirements of pruned models against model accuracy (y-axis). Coloured dots represent
different pruning methods, while the black line indicates the unpruned model accuracy. The black dot marks the
memory requirements of the unpruned model.

Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory

Unpruned - 0.609 - 0.222  0.06 3975
Layer removal (attn) 8 0.589 0.02 0.189 0.05 3725
Layer removal (attn) 12 0.551 0.058 0.172 0.046 3600
Layer removal (attn) 16 0432 0.177 0.155 0.041 3475
Layer removal (attn) 20 0.385 0.224 0.138 0.037 3350
Layer removal (mlp) 2 0.602 0.007 0.216  0.058 3773
Layer removal (mlp) 3 0.590 0.02 0.213  0.057 3671
Layer removal (mlp) 5 0.570 0.039 0.206  0.055 3469
Layer removal (mlp) 6 0.555 0.054 0.203  0.054 3368
Neuron removal (attn) 25 0.387 0.222 0.204  0.058 3738
Neuron removal (attn) 50 0.326 0.283 0.278  0.075 3504
Neuron removal (attn) 62 0.323 0.287 0.239 0.068 3393
Neuron removal (attn) 75 0.323 0.286 0.25 0.072 3271
Neuron removal (mlp) 12 0.401 0.208 0.208 0.059 3534
Neuron removal (mlp) 15 0.363 0.246 0.209 0.06 3451
Neuron removal (mlp) 18 0.352 0.257 0.211 0.061 3365
Neuron removal (mlp) 25 0.334 0.276 0.205 0.058 3165
Wanda 43 0.542 0.067 - - -
Wanda 46 0.497 0.112 - - -
Wanda 48 0.463 0.146 - - -
Wanda 50 0.430 0.179 - - -
Ria 43 0.446 0.163 - - -
Ria 46 0.386 0.223 - - -
Ria 48 0.362 0.247 - - -
Ria 50 0.351 0.258 - - -

Table 9: Aggregated BitNet 2B results for each pruning configuration. Results are averaged across datasets and, for
pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory for Wanda
and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy is reported in
Kwh and exponentiated by 1eS5 to appreciate changes. Time is reported in seconds and memory is reported in MB.
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Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory
Unpruned - 0.499 - 0.181 0.049 3024
Layer removal (attn) 8 0.452 0.047 0.148 0.04 2880
Layer removal (attn) 12 0.377 0.122 0.131 0.035 2808
Layer removal (attn) 16 0.348 0.151 0.113 0.03 2736
Layer removal (attn) 20 0.329 0.17 0.096 0.026 2664
Layer removal (mlp) 1 0.476 0.023 0.178  0.048 2916
Layer removal (mlp) 2 0.482 0.017 0.175 0.047 2808
Layer removal (mlp) 3 0.462 0.037 0.172  0.046 2700
Neuron removal (attn) 25 0.366 0.133 0.2 0.057 2916
Neuron removal (attn) 50 0.333 0.166 0.209 0.06 2808
Neuron removal (attn) 75 0.326 0.173 0.21 0.06 2700
Neuron removal (mlp) 6 0.454 0.045 0.191 0.056 2869
Neuron removal (mlp) 9 0.430 0.069 0.192 0.057 2791
Neuron removal (mlp) 12 0.404 0.095 0.196 0.056 2713
Neuron removal (mlp) 15 0.387 0.112 0.198 0.057 2635
Wanda 43 0.448 0.051 - - -
Wanda 46 0.412 0.087 - - -
Wanda 48 0.380 0.119 - - -

Ria 43 0.451 0.048 - - -

Ria 46 0.413 0.086 - - -

Ria 48 0.381 0.118 - - -

Table 10: Aggregated Falcon-E 1B results for each pruning configuration. Results are averaged across datasets
and, for pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory
for Wanda and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy
is reported in Kwh and exponentiated by 1e5 to appreciate changes. Time is reported in seconds and memory is

reported in MB.
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Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory
Unpruned - 0.535 - 0.241 0.065 5568
Layer removal (attn) 8 0.501 0.034 0.207 0.056 5424
Layer removal (attn) 12 0.498 0.037 0.19 0.051 5352
Layer removal (attn) 16 0.453 0.082 0.173 0.046 5280
Layer removal (attn) 20 0414 0.121 0.156  0.042 5208
Layer removal (mlp) 1 0.530 0.005 0.238 0.064 5412
Layer removal (mlp) 0.530 0.005 0.235  0.063 5256
Neuron removal (attn) 25 0.373 0.162 0.259 0.076 5424
Neuron removal (attn) 50 0.335 0.2 0.265 0.075 5280
Neuron removal (mlp) 3 0.523 0.012 0.277 0.074 5419
Neuron removal (mlp) 6 0.503 0.032 0.258 0.076 5269
Wanda 37 0.518 0.017 - - -
Wanda 40 0.498 0.037 - - -
Wanda 41 0.490 0.045 - - -
Wanda 43 0.470 0.065 - - -

Ria 37 0.520 0.015 - - -
Ria 40 0.503 0.032 - - -

Ria 41 0.494 0.041 - - -

Ria 43 0.469 0.066 - - -

Table 11: Aggregated Falcon-E 3B results for each pruning configuration. Results are averaged across datasets
and, for pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory
for Wanda and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy
is reported in Kwh and exponentiated by le5 to appreciate changes. Time is reported in seconds and memory is

reported in MB.
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Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory

Unpruned - 0.543 - 0.241 0.062 13312
Layer removal (attn) 8 0.532 0.011 0.208 0.054 12672
Layer removal (attn) 12 0.510 0.033 0.191 0.049 12352
Layer removal (attn) 16 0.456 0.087 0.174  0.045 12032
Layer removal (attn) 20 0.393 0.15 0.157 0.041 11712
Layer removal (mlp) 2 0.532 0.01 0.234  0.061 12640
Layer removal (mlp) 3 0.515 0.028 0.231 0.06 12304
Layer removal (mlp) 4 0.506 0.036 0.228  0.059 11968
Layer removal (mlp) 5 0.474 0.068 0.224  0.058 11632
Neuron removal (attn) 25 0.320 0.223 0.294 0.081 12672
Neuron removal (attn) 50 0.323 0.22 0.289 0.08 12032
Neuron removal (attn) 62 0.321 0.222 0.255 0.07 11725
Neuron removal (mlp) 6 0.356 0.187 0.252  0.071 12668
Neuron removal (mlp) 9 0343 0.2 0.228 0.066 12345
Neuron removal (mlp) 12 0.340 0.203 0.226  0.065 12022
Neuron removal (mlp) 15 0.335 0.208 0.228  0.066 11700
Wanda 37 0.493 0.05 - - -

Wanda 40 0.456 0.087 - - -

Wanda 43 0.398 0.145 - - -

Ria 37 0.489 0.054 - - -

Ria 40 0.449 0.094 - - -

Ria 43 0.390 0.153 - - -

Table 12: Aggregated Llama3 8B results for each pruning configuration. Results are averaged across datasets and,
for pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory for
Wanda and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy is
reported in Kwh and exponentiated by le5 to appreciate changes. Time is reported in seconds and memory is
reported in MB.
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Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory
Unpruned - 0.525 - 0.16 0.042 4620
Layer removal (attn) 8 0.428 0.098 0.127 0.033 4236
Layer removal (attn) 12 0.381 0.145 0.11 0.029 4044
Layer removal (attn) 16 0.332 0.193 0.094  0.025 3852
Layer removal (attn) 20 0.317 0.208 0.078 0.02 3660
Layer removal (mlp) 2 0.498 0.027 0.153  0.04 4296
Layer removal (mlp) 4 0.475 0.05 0.147  0.039 3972
Layer removal (mlp) 5 0.468 0.057 0.144  0.038 3810
Layer removal (mlp) 6 0.456 0.069 0.141 0.037 3648
Neuron removal (attn) 37 0.334 0.191 0.178 0.05 4230
Neuron removal (attn) 62 0.329 0.196 0.178 0.05 3966
Neuron removal (attn) 75 0.328 0.198 0.182  0.053 3828
Neuron removal (attn) 88 0.359 0.166 0.181 0.051 3691
Neuron removal (mlp) 12 0.399 0.126 0.178 0.051 4193
Neuron removal (mlp) 18 0.353 0.172 0.177 0.05 3979
Neuron removal (mlp) 21 0.341 0.184 0.177 0.05 3872
Neuron removal (mlp) 28 0.330 0.196 0.175 0.05 3622
Wanda 34 0.490 0.035 - - -
Wanda 37 0.460 0.065 - - -
Wanda 40 0.439 0.086 - - -
Wanda 43 0.409 0.116 - - -

Ria 34 0.491 0.034 - - -

Ria 37 0.473 0.052 - - -

Ria 40 0.443 0.082 - - -

Ria 43 0.408 0.117 - - -

Table 13: Aggregated Falcon-3 3B results for each pruning configuration. Results are averaged across datasets
and, for pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory
for Wanda and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy
is reported in Kwh and exponentiated by le5 to appreciate changes. Time is reported in seconds and memory is

reported in MB.
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Pruning Algorithm Threshold Accuracy Accuracy Drop Energy Time Memory
Unpruned - 0.572 - 0.371 0.087 12684
Layer removal (attn) 8 0.551 0.021 0.333 0.077 12300
Layer removal (attn) 12 0.515 0.057 0.247 0.058 12108
Layer removal (attn) 16 0.446 0.127 0.231 0.054 11916
Layer removal (attn) 20 0.368 0.205 0.214 0.05 11724
Layer removal (mlp) 1 0.563 0.01 0.367  0.086 12279
Layer removal (mlp) 2 0.537 0.035 0.362  0.084 11874
Neuron removal (attn) 25 0.324 0.248 0.238 0.066 12348
Neuron removal (attn) 50 0.320 0.252 0.239 0.066 12012
Neuron removal (mlp) 3 0.506 0.066 0.233 0.063 12344
Neuron removal (mlp) 6 0.469 0.104 0.239 0.066 12004
Neuron removal (mlp) 9 0.440 0.132 0.235 0.066 11664
Wanda 31 0.563 0.01 - - -
Wanda 34 0.547 0.026 - - -
Wanda 35 0.533 0.039 - - -

Ria 31 0.565 0.008 - - -

Ria 34 0.544 0.028 - - -

Ria 35 0.534 0.039 - - -

Table 14: Aggregated Falcon-3 7B results for each pruning configuration. Results are averaged across datasets
and, for pruned configurations, across random seeds. No information is reported for Energy, Time, and Memory
for Wanda and Ria as unstructured pruning algorithms do not lead to direct reductions in those measures. Energy
is reported in Kwh and exponentiated by 1e5 to appreciate changes. Time is reported in seconds and memory is

reported in MB.
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