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Abstract: Large language models (LLMs) have shown impressive performance and versatility. However, their 
billions of parameters and high computational costs hinder the development of personalized and privacy-

preserving AI assistants operating locally on user devices. In this work, we explored the potential of pruning 
LLMs to create lightweight models suitable for user devices, using the moderate-sized Llama-2 7B model as 
an example. By adopting a simple yet effective pruning method, we found that up to 60% of the weights 
in the Llama-2 7B model could be pruned without significantly impairing its language modeling capabilities. 
Furthermore, despite occasional factual inaccuracies, the pruned model at the sparsity limit generated fluent and 
helpful answers to daily queries, demonstrating its feasibility of on-device AI assistants. These inaccuracies might 
originate from forgetting or hallucination due to pruning. We proposed a simple protocol to distinguish between 
the two mechanisms, as well as future directions to improve the pruned models for local AI assistants.

Keywords: large language models; sparse neural networks; pruning; on-device AI assistants

1. Introduction

Large language models (LLMs) have shown impressive performance on various tasks and signfi-
cant impact on human society [1–3]. However, they require substantial computational resources and
energy consumption. To make LLMs more accessible to individual consumers, a recent trend is to train
moderate-sized models such as Llama [4,5], ChatGLM [6], and Falcon [7]. Despite being relatively
smaller, these models still contain billions of parameters, posing challenges for the development of
personalized and privacy-preserving AI assistants that can operate locally on user devices like laptops
or mobile phones. For instance, the smallest model in the Llama-2 series has 7 billion parameters and
requires over 20 GB memory, making it impractical to run on a mobile phone with limited RAM.

Recent advances in neuroscience and deep learning offer promising solutions by leveraging
sparse connectivity. Biological neural networks and neuronal activities in the brain are generally
sparse [8–13], in contrast to the dense connections and activations widely adopted in LLMs, including
the QKV matrices and the attention matrices of the Transformer architecture [14]. Notably, a recent
computational model found that in mammalian olfactory system, sparse inter-hemispheric projections
can align two olfactory cortical neural representations of environmental odors when the number
of olfactory cortical neurons is sufficiently high [15]. Similarly, theoretical studies revealed that
under suitable conditions, sparse Transformers only need O(n) connections per attention layer to
approximate any sequence-to-sequence function, rather than O(n2), where n is the number of tokens
[16]. In practice, the deep learning community have developed various pruning and sparsification
skills to obtain sparse models [17].

Consequently, pruning and sparsifying LLMs has gained popularity, leading to the development
of diverse methods [18–20]. For instance, [18] utilized gradient information to perform structural
pruning of LLMs. Motivated by the empirical observations of emergent hidden-state features with
large magnitudes in LLMs [21,22], [19] developed a simple but effective pruning approach on a per-
output basis: the weights were firstly multiplied by the corresponding inputs, and those with smallest
output magnitudes were pruned. Additionally, [20] proposed a two-step structured pruning procedure
involving targeted structured pruning based on precedent models and dynamic batch loading that adjusts
training data proportions based on respective losses.
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Our research focuses on developing local LLMs as AI assistants on user devices, prioritizing
lightweight models over perfect accuracy. Therefore, we adopted the simple yet effective method
from [19] to prune the Meta-developed Llama-2 7B model [4], explored the sparsity limit of pruning,
and evaluated the performance at the sparsity limit, to facilitate the development of personalized AI
assistants on user devices. Our contributions are two-fold:

• We demonstrated that 60% of the weights in the Llama-2 7B model could be pruned without
notable decrease in language modeling capability, as evidenced by the wikitext perplexity metrics.

• We examined the user experience of daily dialogue and query handling at this sparsity limit to
assess the feasibility of on-device AI assistants. The pruned model generated fluent and helpful
answers but with factual inaccuracies, raising intriguing theoretical questions about the nature of
pruning or sparsification. We hypothesized that these inaccuracies might result from forgetting
or hallucination, proposed a simple protocol to distinguish between the two mechanisms, and
discussed future directions to improve the pruned models.

In summary, our work paves the way for the development of lightweight and local LLMs suitable
for user devices, balancing performance with resource efficiency.

2. Methods

We adopted the pruning method on a per-output basis detailed in [19]. As shown in Figure 1,
unlike the magnitude-based and layer-wise pruning, this method examines the contribution of each
weight Wij to a specific output i by multiplying it with corresponding inputs, i.e., the contribution of
weight Wij to output i is estimated as

Oij = |Wij| · ||Xj||2, ∀j, (1)

where ||Xj||2 is the ℓ2 norm of the j-th input dimension vector concatenated across different inputs.
Denote s% as the desired sparsity ratio, then for output i, we will prune s% of the weights Wij among j
based on the sorted Oij values. In this paper, we varied s% from 0 to 90%, to figure out the sparsity
limit of pruned LLMs.
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Figure 1. The per-output-based pruning method, compared with the magnitude-based layer-wise
approach (adapted from Figure 1 in [19]). Given an LLM architecture and its Transformer blocks,
this method extracts weights matrices (the left panel). For each matrix W (the 4 × 3 matrix in the
middle as an illustration), its magnitude matrix |W| is multiplied by its input ℓ2-norm vector ||X||2
entry-wise to generate the contribution Oij to output i, according to Eq. (1); then based on the sorted
Oij values, s% of the weights per row are pruned (see the blue boxes, with s% = 50% here). By contrast,
the magnitude-based approach only considers |W| and applies layer-wise, thus produces a different
pruned matrix (the right panel).
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Secondly, among the different pruning strategies explored in [19], we adopted the unstructured
pruning approach rather than the structured N:M sparsity pattern, where N out of M consecutive
weights connected to an output were pruned [23]. Although the latter can utilize the NVIDIA GPU
sparse tensor cores to accelerate matrix calculations, [19] demonstrated that the unstructured pruning
generally performed better and was more robust.

Finally, following [19], we used the same calibration data (the C4 training set [24]) to estimate
input distribution, calculate the contribution to output Oij, and facilitate pruning.

3. Results

3.1. The sparsity limit to prune LLMs, evaluated by wikitext perplexity

We varied the sparsity ratio from 0 to 90%, to probe the sparsity limit of pruning the Llama-2
7B model. Following [18,19,22], wikitext perplexity was used to measure the language modeling
capability of pruned models. As shown in Figure 2, the perplexity increases slowly for sparsity ratios
from 0 to 60%, remaining the same order (≲ 10). However, from 60% to 90%, the perplexity grows
exponentially. This dramatic change at a sparsity ratio of 60% suggests that, with current pruning
method, 60% is roughly the sparsity limit. Furthermore, we confirmed that despite an increase in
wikitext perplexity, the 60%-sparsity model with fewer than half of the connections has a perplexity
less than twice that of the full model (Figure A1). Altogether, these results showed that Llama-2 7B
model could be pruned up to 60%; in other words, only 40% connections are required for relatively
intact function.
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Figure 2. Wikitext perplexity increases very slowly with sparser Llama 2 and maintains the same order,
when the sparsity ratio is smaller than 60% (the red line). y-axis: log scale.
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3.2. Pruned sparse LLM as AI assistants: user experience examination

Next, we investigated the user experience of daily dialogue with the pruned Llama-2 model at
the 60% sparsity limit, in order to evaluate the potential of pruned sparse LLMs as future on-device AI
assistants. Specifically, to simulate daily dialogue of mobile phone users, we posed several queries to
the 60%-sparsity pruned models. Two example queries are:

1. “Tell me about Boston”;
2. “Describe the Python programming language, in terms of its syntax, history, user experience, and

popularity”.

As shown in Figure A2, the 60%-sparsity pruned model can generate fluent, meaningful, and helpful
answers that are indistinguishable from those of the full Llama-2 7B model. For fairness, ChatGPT-4o
was used to rate the answers of both models, and the 60%-sparsity pruned model obtained good scores
that are slightly lower than the full model (6 vs 7, and 7 vs 8 out of 10, Figures A3–A6).

However, we noticed that the 60%-sparsity model sometimes produces factually incorrect state-
ments (the red texts in Figure A2). For example, when talking about Python language, it wrongly
alleged that “(Python) was created in 1990 by Guido van Rosenberg”, while the full model correctly
pointed out that “(Python) was created by Guido van Rossum and first released in 1991”. Similarly,
for the Boston-related query, the answer from the 60%-sparsity model also contained many factual
inaccuracies, as labeled by the red texts in Figure A2 and identified by ChatGPT-4o (Figure A3).

This observation raised interesting theoretical questions about the nature of pruning (sparsifica-
tion) and the mechanism of generating factual inaccuracies. With some weights zeroed during pruning,
are these factual mistakes due to forgetting (e.g., the pruned model forgot thus could not find the
name of Guido van Rossum as the Python creator)? Or, the pruned model still remembered this
person’s name and his role as the Python inventor, but did not find and generated some hallucinations
due to the missing weights? Similar phenomenon named “catastrophic forgetting” has been observed
and studied in the context of transfer learning [25,26] but less explored in pruning. In Discussion, we
proposed a simple protocol to distinguish between the two mechanisms (forgetting vs hallucination)
in future studies, as well as possible solutions to remedy this inaccuracy issue.

Last but not least, as mentioned in [18], the pruned model sometimes generated meaningless
sentences, repetitive tokens, and even mixed multilingual characters. Also, we confirmed the impor-
tance of prompt engineering, as in many other unpruned LLMs (see the review [27]). For instance,
if we rephrase the Python-related question as “Can you explain briefly to me what is the Python
programming language?”, the pruned model occasionally repeat this question and end the dialogue.
In Discussion, we provided some potential methods to mitigate these problems.

4. Discussion

Summary. We adopted a simple yet effective pruning approach to sparsify the Llama-2 7B
model, and found that up to 60% weights could be pruned without significant decrease in the model
performance. At this sparsity limit, the pruned model was able to generate fluent and helpful answers
to daily-life queries, demonstrating its potential for local and lightweight AI assistants on user devices.
Meanwhile, some factual inaccuracies were identified in the answers of the pruned model, whose
mechanism and remedies will be studied in the future.

Future directions. To distinguish forgetting vs hallucination and account for the factual inaccura-
cies generated by the pruned model, notice that the key difference is whether it still remembers the true
answers. Therefore, we propose to test the pruned model with appropriate prompts after identifying
the factual mistakes. For example, we may ask the 60%-sparsity model who is the Python creator or
who is Guido van Rossum. If it correctly assigned Guido van Rossum as the Python creator instead of
“Guido van Rosenberg”, we may conclude that this pruned model still remembers Guido van Rossum
as the Python creator but simply did not find this name and generated the above hallucination. In
reality, it is possible that both mechanisms coexist after pruning. Nevertheless, this attempt may serve
as a small but useful step towards understanding the nature of pruning.
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To eliminate these factual errors and improve the pruned models, we will adopt the fine-tuning
methods such as that described in [28]. Another possible route is to perform layer-wise pruning with
different sparsity ratios: currently, all layers are pruned evenly with the same sparsity ratio; however,
it has been realized that different layers in deep neural networks are not equal, and generally, deeper
layers can be pruned more [29–33]. Therefore, in the future, we will firstly calculate the significance of
various layers as stated in [32,33], then assign the corresponding sparsity ratio to each layer for more
efficient pruning.

In order to develop on-device AI assistants, we will also try more updated moderate-sized LLMs
such as the newly-released Llama-3 8B model [5]. Moreover, we will employ various techniques
to further reduce the model size while boosting the model performance [34]. For instance, LLM
quantization has been an active research area, which stores the parameters with fewer digits to
reduce the model size and save resources [22,35,36]. Another example is low-rank factorization which
decomposes the weight matrices into smaller matrices [37]. Altogether, this work represents a small yet
promising step towards on-device AI assistants, particularly when combined with various fine-tuning,
layer-specific pruning, and LLM compression techniques in the long run.

Appendix A
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Figure A1. Wikitext perplexity for the 0.6-sparsity model is less than twice that of the full model. x-axis
range: 0 - 60%. Red dot: wikitext perplexity is 5.12 for the full Llama-2 7B model. Purple dot: wikitext
perplexity is 10.05 for the 0.6-sparsity model. The red horizontal line: perplexity of 5.12 × 2 = 10.24.
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Prompt: Tell me about Boston.

0.6-sparsity model: Boston is a city in the United States of America. Boston is the capital
of the state of Massachusetts. The city of Boston was founded in 1630
by a group of settlers who came from Plymouth in England. The city has a
population of about 650,00 people and a total area of 47 square kilometers.
It is located on the east coast of North America and is surrounded by the
Atlantic Ocean. In the city there are a lot of museums, such as the Museum
of Fine Arts and the Boston Museum. There is also a university in Boston,
which is called the Massachusetts Institute of Technology (MIT). There are
many places to visit in this city. For example, you can visit the John F.
Kennedy (JFK) Memorial.

Full model: I’ve never been to Boston, but I hear it’s a great place to visit. The
people are friendly, the food is delicious, and the history is fascinating.
Boston is also home to some of the best universities in the country, so if
you’re looking for a top-notch education, this is the place for you. Boston
is a city with a rich history and a vibrant culture. There are plenty of
things to see and do in this city, from exploring the Freedom Trail to taking
in a Red Sox game at Fenway Park. No matter what your interests are, you’re
sure to find something to enjoy in Boston. So what are you waiting for?
Come on down and experience all that this great city has to offer!

Prompt: Describe the Python programming language, in terms of its syntax, history,
user experience, and popularity.

0.6-sparsity model: Python is a general-purpose scripting language. It was created in 1990 by
Guido van Rosenberg. Python is one of the most popular programming languages
in the world. Its syntax is similar to that of C++ and Java, but it is much
easier to learn and use than those languages. The syntax of Python can be
learned in a matter of minutes, even by those who have never programmed in
any language before. This makes Python a great language for beginners, as
well as for experienced programmers who are looking for a language that is
easy to use and has a lot of flexibility. There are many websites that are
dedicated to Python, such as Python.org and Python Wiki. These websites are
a good source of information about Python and how to program in it. They
also have a forum where you can ask questions.

Full model: Python is a high-level, general-purpose, interpreted, interactive,
object-oriented scripting language. It was created by Guido van Rossum
and first released in 1991. Python’s design philosophy emphasizes code
readability with its notable use of significant whitespace. Its syntax
allows programmers to express concepts in fewer lines of code than would be
possible in languages such as C++ or Java. The language provides constructs
intended to enable clear programs on both a small and large scale.

Figure A2. Texts generated by the 0.6-sparsity model and the full LlaMA-2 7B model. The red texts are
the factually wrong statements.
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Figure A3. ChatGPT-4o’s rating and analysis of the Boston-related answer by the 60%-sparsity model.
The rating score is 6 out of 10.
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Figure A4. ChatGPT-4o’s rating and analysis of the Boston-related answer by the full Llama-2 7B
model. The rating score is 7 out of 10.
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Figure A5. ChatGPT-4o’s rating and analysis of the Python-related answer by the 60%-sparsity model.
The rating score is 7 out of 10.
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Figure A6. ChatGPT-4o’s rating and analysis of the Python-related answer by the full Llama-2 7B
model. The rating score is 8 out of 10.
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