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Abstract
Large languagemodels (LLMs) demonstrate remarkable capa-
bilities but face deployment challenges due to their massive
parameter counts. While pruning can reduce model size, it
leads to significant accuracy degradation under high com-
pression ratios. We present a novel perspective inspired by
constant folding in compiler optimization. Our approach en-
ables parameter reduction by treating activation functions
in LLMs as linear functions.

However, recent LLMs use complex non-linear activations
like GELU that prevent direct application of this technique.
We propose LLMFolder, which enables optimization of LLMs
with non-linear activations by partially approximating them
with linear functions in frequently occurring input ranges.
For outlier inputs, LLMFolder employs an online predictor
to dynamically fall back to original computations.
Our experiments demonstrate that LLMFolder achieves

80% parameter reduction in feed-forward networks, while
significantly outperforming state-of-the-art pruning meth-
ods with up to 65% higher accuracy. When combined with
quantization and pruning, LLMFolder can further achieve
92.5% parameter reduction with only 4.4% average accu-
racy drop for a 7B model, where neither technique alone
or combination can achieve. In practical deployments for
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a 7B model, LLMFolder achieves 1.6× end-to-end inference
speedup when integrated with the vLLM serving system, and
1.4× speedup with the widely adopted HuggingFace imple-
mentation, while incurring only a 10.9% accuracy trade-off.
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learning; • Software and its engineering→ Compilers.
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1 Introduction
Transformer-based large language models (LLMs) demon-
strate remarkable capabilities in natural language processing,
but their deployment is challenged by vast parameter counts
(billions to trillions) [18, 69, 71, 81]. Compression techniques
like pruning [52, 53, 63, 64, 78], quantization [33, 51, 74],
knowledge distillation [38, 66], and low-rank approxima-
tion [23, 49, 61] aim to mitigate this. However, pruning,
though simple and popular [73], often incurs significant ac-
curacy loss at high compression ratios (e.g., 80% compression
can cause 70% accuracy loss).
Inspired by the success of constant folding [1] in tradi-

tional compiler optimizations, we propose a novel approach
to LLM compression that maintains high accuracy even un-
der aggressive compression ratios. This approach is orthog-
onal to existing techniques and can be combined with them
for further efficiency gains. Constant folding, a fundamental
compiler optimization technique that reduces both program
code size and runtime computation costs, has been success-
fully employed across numerous programming languages[4,
5, 9]. We discover a unique opportunity to adapt this tech-
nique for LLM compression.
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Figure 1. The inference process of transformer based LLM
(a), where initial tokens are user prompts, output tokens are
response from LLM; the inference time breakdown (b) with
91 initial tokens, 178 output tokens for Falcon-7B (Other
operations takes <0.5% time and not shown).

The architecture of an LLM primarily consists of two core
components: the Multi-Head Attention (MHA) block and
the feed-forward network (FFN) block, with the FFN block
accounting for 67% to 80% [19] of the total parameters. The
FFN block comprises two matrix multiplications separated
by a non-linear activation function (e.g., ReLU or GELU).

Our key observation is that through linear approximation
of the non-linear activation function, we can leverage the
associative property of matrix multiplication to merge the
two FFN matrices into a single, compact matrix. This trans-
formation enables a reduction in FFN parameters by up to
87.5% in theory (detailed in Section 3.1).

However, modern LLMs predominantly use sophisticated
non-linear activation functions, particularly GELU [41] (adopted
inGPT seriesmodels [21]) and SiLU [32] (used in LLaMA2/3 [37,
68]). These complex functions are crucial for capturing intri-
cate patterns in the data, and naively approximating them
with linear functions leads to severe performance drop.

In this paper, we present LLMFolder, a novel approach that
enables constant folding in LLMs with non-linear activation
functions at low approximation error, and is orthogonal to
existing compression approaches. Our key insight is that the
inputs to these activation functions in LLMs are typically con-
centrated within a narrow range. This distribution pattern
allows us to partially approximate the non-linear activation
function with a linear function in the "hot" input ranges
(where most values occur), introducing minimal approxima-
tion error. For outlier inputs that fall outside these ranges,
LLMFolder employs an efficient online predictor to identify
them and dynamically falls back to the original activation
function computation. Experiments demonstrate that LLM-
Folder reduces the FFN weight matrices by up to 80%, while
outperforming state-of-the-art pruning methods in accuracy
by up to 65%, and compatable with existing quantization
methods. When combined with quantization (GPTQ) and
pruning (Wanda), LLMFolder achieves 92.5% parameter re-
duction with only 4.4% accuracy drop for a 7B model, where
neither alone or combination can achieve. For inference,

LLMFolder delivers up to 1.6× end-to-end speedup on the
state-of-the-art vLLM serving system [45], and 1.4× speedup
on HuggingFace’s widely-used implementation [10].

The key contributions of this paper are:

• We identify a novel opportunity to apply constant fold-
ing to LLMs. Our method treats activation functions
as partially linear functions, reducing FFN block pa-
rameters by up to 87.5% in theory.
• We introduce LLMFolder, a new system for constant
folding in LLMs. It handles non-linear activation func-
tions through partial linear approximation and includes
efficient fallback mechanisms.
• We conduct extensive experiments with LLMFolder.
Results show up to 80% actual parameter reduction
and could achieve better accuracy-compression ratio
tradeoff when combined with pruning or quantization.

2 Background and Motivation
In this section, we first cover the basics of LLM inference
and highlight the performance bottlenecks introduced by
massive parameters. We then review existing approaches to
reducing LLM size and identify their constraints.

2.1 Large Language Model Inference
LLM Inference Overview. LLM inference generates output
tokens in response to input tokens through two main phases.
In the first phase, as shown in Figure 1a, the model processes
all initial input tokens through its 𝑁 layers sequentially to
establish context. In the next phase, the model generates
output tokens one at a time in an auto-regressive manner,
where each generated token becomes part of the input se-
quence for predicting the next token. This process continues
until either the desired output length is reached or a stop
condition is met.
Operations in LLM Inference. The transformer architec-
ture, which forms the backbone of LLMs, consists of two
main components: the multi-head attention (MHA) block
and the feed-forward network (FFN) block. The MHA block
enables the model to focus on different parts of the input
sequence simultaneously through multiple attention heads,
while the FFN block, composed of two linear transforma-
tions with an activation function in between, processes the
features from the attention block. As Figure 1a shows, an
LLM typically stacks multiple transformer layers, where each
layer sequentially processes the input through its MHA and
FFN blocks. During inference, the model parameters for both
blocks need to be loaded from memory before performing
computations on input tokens.

2.2 Cost of LLM Inference
Despite their remarkable capabilities, deploying LLMs for
inference tasks remains challenging due to their massive
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Figure 2. Illustration of constant folding in the FFN block
of an LLM. The FFN contains two weight matrices𝑊1,𝑊2.
By treating activation function 𝜎 as a linear function 𝑎𝑥 + 𝑏,
matrix multiplications can be reordered from 𝑎(𝑥𝑊1)𝑊2 to
𝑥 (𝑎𝑊1𝑊2). Since 𝑎𝑊1𝑊2 consists of only constants, it can be
pre-computed into a single matrix 𝐶 before inference.
parameter counts [51, 52, 69, 71]. This large parameter count
significantly impacts inference performance.
To quantify this impact, we analyzed the inference time

breakdown of Falcon-7B using the SharedGPT dataset [14],
which contains 90K real-world chat histories between hu-
mans and LLMs. 80% of the total parameters are in the FFN
blocks of Falcon-7B. Using the dataset’s average lengths (91
tokens for human input, 178 tokens for LLM response), we
measured the inference time with the vLLM inference en-
gine [7] on an RTX 4090, where attention blocks take 0.9s,
and the FFN blocks takes 2.1s, showing the bottleneck is in
FFN blocks. We also performed a therotical analysis of the
time spent on computation and I/O operations (performed
on the 1TB/s bandwidth VRAM of RTX 4090) in both MHA
and FFN blocks. Figure 1b shows that parameter loading
I/O dominates the inference time, with the FFN I/O alone
consuming 78.2% of the total time. This high I/O overhead
stems from LLMs’ auto-regressive nature: generating each
token requires loading all model parameters into the hard-
ware’s cache (Figure 1a), resulting in repeated, expensive I/O
operations [69, 71, 81].

2.3 LLM Compression
To alleviate the I/O overhead in LLM inference, various com-
pression techniques have emerged. These are broadly cat-
egorized into pruning [52, 53, 63, 64, 78], quantization [33,
43, 51, 70], knowledge distillation [38, 66], and low-rank
approximation [23, 49, 61]. Such techniques primarily aim
to reduce the memory required for storing model parame-
ters [33, 38, 49, 64] and/or the bandwidth needed for loading
them into hardware cache [52, 63].

One-shot pruning and post-training quantization are promi-
nent LLM compression techniques, as they obviate the need
for expensive retraining [73]. Pruning identifies and removes
less critical parameters (e.g., based onmagnitude or gradient),
reducing both GPU memory footprint and the I/O cost of
loading parameters from memory to hardware cache. Quan-
tization reduces the bit-width of model parameters, similarly
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Input

0

2

Ou
tp

ut

SiLU and GELU Activation Functions
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Figure 3. Figure of SiLU and GELU activation functions in a
input range of [-3, 2].
decreasing the I/O cost for parameter loading from memory.
These techniques can be combined for enhanced compres-
sion efficacy [35, 39, 52, 63, 80].
However, pruning can severely degrade model accuracy

at high compression ratios. We demonstrate by evaluating
state-of-the-art pruning methods—unstructured techniques
Wanda [64] and RIA [78], and contextual method PowerIn-
fer [63]—on Falcon-7B across three benchmarks [12, 16, 20]
(detailed in Section 7.2). While a 50% compression ratio (for
unstructured pruning) leads to a modest accuracy decline of
0.9%-4.8%, an 80% compression can reduce accuracy to zero
on the Lambada benchmark, rendering the model ineffective.
For contextual pruning (PowerInfer), performance degrada-
tion is even more pronounced, due to non-ReLU-based LLMs’
low activation sparsity [56]. Such severe accuracy drops can
also hinder the combination of pruning with other methods.

3 Opportunity and Challenge
Inspired by compiler optimizations, we propose a novel ap-
proach to reduce I/O costs in LLMs: simplifying FFN blocks
by modifying activation functions. This method reduces pa-
rameters through constant folding, achieving higher accu-
racy under aggressive compression than pruning.

3.1 Opportunity
A key insight for simplifying FFN blocks in LLMs is that their
activation functions can be approximated as linear functions.
The FFN block in transformer models consists of two weight
matrices𝑊1,𝑊2, and an activation function between them.
As shown in Figure 2, a simple FFN block with activation
computes:

𝐹𝐹𝑁 (𝑥) = 𝜎 (𝑥𝑊1)𝑊2

where matrix𝑊1 is of size 𝑑 × ℎ and𝑊2 is ℎ × 𝑑 , 𝜎 is the
activation function. A function 𝑓 (𝑥) is linear if and only if
it can be expressed as 𝑓 (𝑥) = 𝑎𝑥 + 𝑏, where 𝑎 and 𝑏 are
constants. When the activation function is approximated
by a linear function, the FFN becomes the following linear
transformation:

𝐹𝐹𝑁 (𝑥) = 𝑎((𝑥𝑊1) + 𝑏1)𝑊2

This linear representation of activation function enables
us to leverage matrix computation properties to optimize
the FFN block. Specifically, we can reorder the computation
1To ease presentation, we omit 𝑏 by regarding it as 0, without lossing
generalizability.
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Figure 4.Density estimation of the activation function input
distribution for 50 neurons of layer 10 and 30 in Falcon-7B.
Each curve represents the kernel density estimation of the
input distribution for a single neuron. The higher the density,
the more activation inputs fall into the range. The left two
figures are profiled on WikiText2, the middle two on C4, and
the right two on PTB.
from 𝑎(𝑥𝑊1)𝑊2 to 𝑥 (𝑎𝑊1𝑊2) using matrix associativity. This
reordering would not be possible with non-linear activation
functions. The key advantage is that 𝑎𝑊1𝑊2 contains only
constants and can be pre-computed into a single matrix𝐶 be-
fore inference. As illustrated in Figure 2, with input [𝑥1,𝑥2],
the FFN computes t=[𝑎(−2𝑥1 + 3𝑥2), 𝑎(𝑥1 + 2𝑥2)]. By pre-
computing 𝑎𝑊1𝑊2 into matrix𝐶 =

( −2𝑎 𝑎
3𝑎 2𝑎

)
, we can simplify

the entire FFN into a single matrix multiplication 𝑥𝐶 that
produces the same result t. This transformation significantly
reduces the parameter count in FFN blocks. Originally, an
FFN block with weight matrices𝑊1 ∈ R𝑑×ℎ and𝑊2 ∈ Rℎ×𝑑

contains 2 × 𝑑 × ℎ parameters. After folding into a single
matrix 𝐶 ∈ R𝑑×𝑑 , it contains only 𝑑2 parameters. For typi-
cal LLM architectures like GPT2 [3], BLOOM [46], and Fal-
con [19] where ℎ = 4𝑑 , this reduces the parameter count by
up to 87.5% per FFN block.

3.2 Challenge
While constant folding in LLMs shows promise, a significant
challenge arises from the widespread adoption of sophisti-
cated non-linear activation functions in modern language
models [25, 29, 32, 41, 44]. Our analysis of the top 15 text
generation models on HuggingFace [10], a leading model
repository, reveals that all models use complex activations - 7
employ GELU and 8 use SiLU. These sophisticated activation
functions make naive linear approximation challenging.
Consider GELU as an example. As illustrated in Figure 3,

GELU exhibits a smooth but intricate input-output relation-
ship. When we attempt to approximate GELU with a simple
linear function (as described in Section 3.1), the model suffers
substantial accuracy degradation. To validate this, we modi-
fied Falcon-7B by replacing its GELU activation with a linear
function in the FFN blocks, derived through linear regres-
sion on the original activation’s input-output data. When
evaluated on the Lambada [12] benchmark, the model’s ac-
curacy plummeted from 75% to 0, making it impractical for
real-world applications.

Model Name Activation
Function Wikitext-2 C4 PTB

Falcon-7B GELU 20.2% 20.6% 20.7%
Falcon-40B GELU 19.6% 19.7% 20.1%
BLOOMZ-7B1 GELU 19.1% 19.4% 19.8%
LLaMA2-7B SiLU 18.4% 18.5% 18.2%

Table 1. Average percentage of activation input ranges con-
taining 65% of inputs relative to total range length, measured
across neurons in three datasets.

4 Insights and Overview
Through careful analysis of LLM internals, we have identified
two key insights that enable effective approximation of non-
linear activation functions with linear ones while preserving
model accuracy.
4.1 Insights
Insight 1. Skewed distribution of activation function
inputs. The input distribution for activation functions in
LLMs exhibits a skewed pattern, with inputs predominantly
concentrated within a narrow range of the input space. To
validate this observation, we analyzed three language task
datasets: Wikitext-2 [55], C4 [60], and PTB [54]. A FFN block
consists of multiple neurons, where each neuron processes
input through its weights and activation function. The ac-
tivation input distribution at the neuron level is crucial for
understanding model behavior [52, 63]. We examined this
distribution within FFN weight matrices. Each weight matrix
can be decomposed into individual neurons, which repre-
sent distinct computational units. For example, in Figure 2,
𝑊1 comprises two neurons represented as columns:

( 3
−1

)
and

( 1
2
)
. Using 20K random tokens from each dataset, we

collected comprehensive statistics.
Figure 4 illustrates the input activation distribution for

50 randomly sampled neurons from two layers of Falcon-7B
across these datasets. Our analysis reveals consistent distribu-
tion patterns within the same layer across different datasets.
Notably, approximately 65% of activation inputs for each neu-
ron are concentrated within just 20% of the total input range,
demonstrating significant skewness. This pattern holds true
across various model architectures. Table 1 presents the aver-
age range portion containing 65% of activation inputs relative
to the total range for four LLMs: Falcon-7B/40B, Bloomz-7B1,
and LLaMA2-7B. While the first three models employ GELU
activation, LLaMA2-7B uses SiLU. Across all models and
datasets, this portion consistently remains between 18-20%.
These findings align with previous research [52, 57, 63], con-
firming that skewed activation input distributionmight be an
inherent characteristic of LLMs. This insight reveals that ac-
tivation function inputs follow a power law-like distribution,
enabling effective approximation of non-linear activation
functions within a compact "hot" input range.
Insight 2. Non-uniform distribution of layer and neu-
ron importance. Not all layers and neurons contribute
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(a) Layer-wise error distribution

(b) Neuron-wise error distribution

Figure 5. Error distribution of layer, and neuron in the 10-th
layer in Falcon-7B. The error is profiled on the C4 dataset.
equally to the model’s performance. Using the same method-
ology as in the previous insight, we collected the Mean
Square Error (MSE) of approximating the activation function
with linear functions for each neuron in each layer. Specifi-
cally, for each layer and neuron, we first identify the input
range containing a certain portion (e.g., 85%) of activation
inputs based on profiled distribution. We then approximate
the activation function within this range by linear function
𝑦 = 𝑎𝑥 + 𝑏, where parameters 𝑎 and 𝑏 are obtained through
linear regression to minimize the loss within the range. This
process is repeated for different portions of inputs (from 65%
to 95%) to analyze the approximation error patterns.
Figure 5.a shows significant differences in errors across

layers. For instance, when 85% of inputs fall within the lin-
ear range, the error of the first layer (10−7) is an order of
magnitude larger than that of the second layer (10−8). Pre-
vious works have also shown that layer importance is non-
uniformly distributed [75, 76, 79]. Similarly, neuron impor-
tance within a layer varies significantly. Figure 5.b presents
the error distribution for 1% of neurons randomly selected
from the first layer of Falcon-7B, showing error variations by
nearly three orders of magnitude (from 10−10 to 10−7). Previ-
ous studies have also found similar patterns, where neuron
activation is non-uniformly distributed, with outliers having
a larger impact on model performance [30, 51, 63]. In sum-
mary, Figure 5 highlights the non-uniform distribution of
layer and neuron importance, underscoring the need to treat
each layer and neuron distinctly in our design approach.

4.2 Overview
Armed with these insights, we propose LLMFolder, the first
system that enables constant folding in LLMs while pre-
serving model capabilities and reducing parameters. Our
approach leverages two observations: 1) the skewed distri-
bution of activation inputs allows us to focus approximation
on the most frequently accessed input ranges; 2) the varying
importance of different layers and neurons suggests that
approximation thresholds should be adapted accordingly.

Non-linear Function Approximation (§5.1)
Error

Statistics
Linear Range
Assignment

LLMCalibration Dataset

Predictor Generation (§5.3)

Quant Prune

Folded Matrix Generation (§5.2) PredictorFolded Matrix

Offline

Layer Input

Approximated
Result

Neurals Not
in Range

Online Speculative Approximation
& Result Fixing (§5.4)

Layer
Output

Inference Runtime

thresholdInputs

...

Figure 6. Architecture of LLMFolder with offline and online
components. The offline component generates the constant
folded matrix and predictor based on the calibration dataset.
The online component performs inference using the constant
folded matrix and predictor.

As illustrated in Figure 6, LLMFolder takes three inputs: an
LLM, a calibration dataset, and a threshold 𝑡 that defineswhat
portion of inputs should fall within the linear approximated
range. The system generates two key outputs: a compressed
model weight matrix (produced via constant folding based on
approximated linear ranges) and a predictor that identifies
neurons operating outside their approximated ranges.

The system architecture consists of offline and online com-
ponents. The offline component performs two tasks. First,
it analyzes the calibration dataset–a small number of text
samples–to collect: 1) activation input distributions for each
layer and neuron, and 2) importance scores based on ap-
proximation errors when replacing activation functions with
linear functions. Based on these statistics, LLMFolder approx-
imates the activation function with linear functions, focusing
on the “hot” input ranges where most activations occur. The
approximation range for each neuron is determined by its
importance score, which LLMFolder calculates based on the
error introduced by linear approximation under different
thresholds. The final outputs are the constant folded matrix
and a predictor for identifying out-of-range neuron activa-
tions. During inference, the online component first performs
a speculative computation using the constant folded matrix.
It then uses the predictor to identify neurons operating out-
side their approximated ranges. For these identified neurons,
it corrects the results by: 1) subtracting the incorrectly com-
puted linear approximations, and 2) recomputing the actual
results using the original activation function.
Figure 7 illustrates this process using a simple FFN with

two neurons (each neuron corresponds to one column in𝑊1
and one row in𝑊2, as shown in yellow and green). The FFN
uses GELU as activation function. In the offline phase, LLM-
Folder determines linear approximations for each neuron’s
frequent input range. For neuron 1, the range is (−1.5, 0.12)
with slope 0.25 and intercept 0.1; for neuron two, the range
is (−3.5,−0.1) with slope 0.1 and intercept 0.2. These ranges
are selected based on calibration data to ensure at least 𝑡
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Figure 7. Example of an FFN in an LLM constant folded by
LLMFolder. The constant folded matrix is generated based on
approximated linear ranges for each neuron. The predictor
identifies neuron one is not in the approximated range. The
online component fixes the FFN result by subtracting the
wrong result and recomputing the actual result using the
original activation function.
proportion of inputs fall within them. The system then gen-
erates constant folded matrices 𝐶 and 𝐵 using these linear
parameters. When inference with input token 𝑥 = ( −1 −1

)
,

LLMFolder 1) performs speculative computation: 𝑥𝐶 + 𝐵 =(
0.3 −0.1

)
; 2) uses predictor to determine that only neuron

two’s input falls within its approximated range; 3) corrects
the result by a) subtracting neuron 1’s approximate result:
(0.25𝑥

( 3
−1

)
+ 0.1)

(
−1 0

)
=
(
0.4 0

)
, and b) adding back neu-

ron 1’s actual result: 𝐺𝐸𝐿𝑈 (𝑥
( 3
−1

)
)
(
−1 0

)
. This correction

mechanism ensures accurate results while preserving the
efficiency benefits of constant folding where applicable.

5 LLMFolder Design
In this section, we present the detailed design of LLMFolder,
which comprises offline and online components. The offline
component consists of three key aspects: approximating non-
linear activation functions with linear functions (Section 5.1),
generating constant folded matrices (Section 5.2), and con-
structing predictors (Section 5.3). The online component
details how these elements work together during inference
(Section 5.4).

5.1 Non-linear Function Approximation
LLMFolder aims to reduce FFN parameter counts and speedup
inference by replacing complex non-linear activation func-
tions with simple linear functions where possible. At a high
level, our non-linear activation function replacing approach
works as follows. For each FFN layer that consists of two
weight matrices (𝑊1 and 𝑊2) and a non-linear activation
function 𝜎 in between, we 1) break down the computation of
the entire FFN into computations on individual neurons. 2)
For each neuron, analyze its input patterns to the activation
function using a calibration dataset. 3) Replace the neuron’s
non-linear activation with linear functions (𝑦 = 𝑎𝑥 + 𝑏)
within its most frequently observed input range. The linear
functions are obtained using least squares regression.
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Figure 8. Example of the exponential growth in the number
of folded matrices.
An intuitive design would be to replace each neuron’s

non-linear activation with multiple linear ranges, as differ-
ent input ranges may exhibit distinct patterns. For example,
for input ranges [𝑙1, 𝑎), [𝑎, 𝑏), and [𝑏, 𝑙2), we could fit three
separate linear functions to better approximate the activa-
tion function. However, a significant challenge arises with
this approach. When folding the weight matrices, we need a
separate folded matrix for each combination of ranges across
neurons. With ℎ neurons and 𝑟 ranges per neuron, this leads
to 𝑟ℎ folded matrices. Figure 8 illustrates this exponential
growth. With just 2 neurons and 2 ranges each, we need 4
diffesrent folded matrices to cover all possible combinations.
Given that modern language models typically have over

10,000 neurons per FFN layer, storing multiple ranges quickly
becomes impractical. This leads us to adopt a single-range
strategy, which we describe in detail in the following section.

5.1.1 Single Range Approximation Strategy To over-
come the exponential storage overhead of multi-range ap-
proximation, LLMFolder adopts a pragmatic single-range
strategy. For each neuron, we approximate its non-linear ac-
tivation using one linear function within a carefully chosen
input range.

More specifically, for each neuron𝑛, we aim to find a linear
function 𝑦 = 𝑎𝑥 + 𝑏 that best approximates the activation
within a range [𝑙1, 𝑙2). The approximation function 𝜙𝑛 is
defined as:

𝜙𝑛 (𝑥) =
{
𝑎𝑥 + 𝑏, 𝑙1 ≤ 𝑥 < 𝑙2

𝜎 (𝑥), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

To quantify the quality of our approximation, we define
the errormetric for the entire FFN layer as: 𝑒𝑟𝑟 (𝑥) =∑ℎ

𝑛 𝑒𝑟𝑟𝑛 (𝑥)
where each neuron’s error contribution is measured using
the L2 distance [67] between original and approximated out-
puts: 𝑒𝑟𝑟𝑛 (𝑥) = | |𝜎 (𝑥𝑊1:,𝑛 )𝑊2𝑛,: − 𝜙𝑛 (𝑥𝑊1:,𝑛 )𝑊2𝑛,: | |2.
Adaptive Thresholding. Given the definition of FFN ap-
proximation error, LLMFolder needs to determine appro-
priate linear approximation ranges for each neuron while
satisfying the user-specified in-range threshold 𝑡 . A key chal-
lenge is deciding how much of each neuron’s input should
be covered by the linear approximation.

Based on our insight in Section 4.1 that different layers and
neurons contribute unequally to the model’s performance,
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we develop an adaptive thresholding mechanism that assigns
different coverage requirements to different components.
This mechanism operates at two levels:

1) Layer-level thresholding: For each layer 𝑖 , we assign
a threshold 𝑡𝑖 that determines what percentage of inputs
should be linearly approximated. This is formulated as an op-

timization problem:𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝐿∑︁
𝑖

𝐸𝑖𝑡𝑖 , 𝑠 .𝑡 .,

𝐿∑︁
𝑖

𝑡𝑖 = 𝑡𝐿, where

𝐸𝑖 represents the total empirical error measured on a calibra-
tion dataset for layer 𝑖 , 𝐿 is the total number of layers, and 𝑡
is the target threshold. The empirical error 𝐸𝑖 is estimated
by approximating all neurons in layer 𝑖 under threshold 𝑡𝑖
(e.g., as Figure 5a shows). The constraint ensures that the
average threshold across layers equals the target.
2) Neuron-level thresholding: Within each layer 𝑖 , we fur-

ther distribute the layer’s threshold 𝑡𝑖 across its neurons

using: 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

ℎ∑︁
𝑛

𝐸𝑖𝑛𝑡𝑖𝑛 , 𝑠 .𝑡 .,

ℎ∑︁
𝑛

𝑡𝑖𝑛 = 𝑡𝑖ℎ, where 𝐸𝑖𝑛 rep-

resents the error contribution of neuron 𝑛 in layer 𝑖 , ℎ is
the number of neurons per layer, and 𝑡𝑖𝑛 is the threshold
assigned to neuron 𝑛. This ensures more important neurons
receive more conservative thresholds.
This two-level adaptive thresholding approach allows

LLMFolder to maintain high approximation accuracy while
satisfying user’s threshold requirement. More critical layers
and neurons are assigned stricter thresholds, while less im-
portant ones can use more aggressive linear approximations.
Range Searching. For each neuron, LLMFolder employs
a greedy search strategy to determine the optimal linear
approximation range, following these steps. 1) Initialize a
starting range centered at the input distribution’s centroid,
computed using kernel density estimation (KDE) [59, 65]. 2)
Gradually expand the range boundaries until reaching the
neuron-specific coverage threshold 𝑡𝑖𝑛 . 3) During expansion,
select the direction (left/right) that produces minimal approx-
imation error. 4) Once the optimal range is determined, fit a
linear function using least squares regression. The complete
algorithm is formalized in Algorithm 1, leveraging a small
calibration data to ensure both approximation accuracy and
computational efficiency without fine-tuning the model.

In the rare case that the determined linear approximation
ranges are suboptimal (i.e., they cover few inputs), the pri-
mary impact is on inference latency, not accuracy. Latency
increases because more inputs fall outside their linear range,
requiring a fallback to the slower, original non-linear acti-
vation (detailed in Section 5.4). Accuracy remains largely
unaffected because these out-of-range inputs are processed
by the original, precise activation function, preserving the
final output quality.

Algorithm 1: Non-linear Function Approximation
1 Input: The non-linear function 𝜎 , threshold 𝑡 , large

language model𝑀 , calibration dataset 𝑋 , range
increment step 𝑠 .

2 Output: Set of generated linear ranges 𝑃 for each
neuron in each layer.

3 𝑒𝑟𝑟𝑙𝑎𝑦𝑒𝑟𝑠 ←estimate_error_layers(𝑀.𝐹𝐹𝑁𝑠 , 𝑋 )
4 𝑡𝑙𝑎𝑦𝑒𝑟𝑠 ←error_aware_threshold(𝑒𝑟𝑟𝑙𝑎𝑦𝑒𝑟𝑠 , 𝑡 )
5 𝑃 ← {}
6 for 𝑡𝑖 in 𝑡𝑙𝑎𝑦𝑒𝑟𝑠 do
7 𝑚 ← 𝑀.𝐹𝐹𝑁𝑠 [𝑖], 𝑁 ← {}
8 𝑒𝑟𝑟𝑛𝑒𝑢𝑟𝑜𝑛𝑠 ←estimate_error_neurons(𝑚, 𝑡𝑖 , 𝑋 )
9 𝑡𝑛𝑒𝑢𝑟𝑜𝑛𝑠 ←error_aware_threshold(𝑒𝑟𝑟𝑛𝑒𝑢𝑟𝑜𝑛𝑠 , 𝑡𝑖 )

10 for 𝑡𝑖𝑛 in 𝑡𝑛𝑒𝑢𝑟𝑜𝑛𝑠 do
11 /* kernel density estimation to find centroid */
12 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 ←find_centroid(𝑚.𝑛𝑒𝑢𝑟𝑜𝑛𝑛 , 𝑡𝑖𝑛 , 𝑋 )
13 /* initialize the range around centroid */
14 𝑅 ←(left=centroid, right=centroid)
15 while portion of input covered by 𝑅 < 𝑡𝑖𝑛 do
16 𝑅𝑙 ←(𝑅.left - s, 𝑅.left)
17 𝑅𝑟 ←(𝑅.left, 𝑅.right + s)
18 /* approximate the range with a linear

regressior, and evaluate the error */
19 𝑒𝑟𝑟𝑙𝑒 𝑓 𝑡 ←approx_error(𝑚.𝑛𝑒𝑢𝑟𝑜𝑛𝑛 , 𝑅𝑙 , 𝑋 )
20 𝑒𝑟𝑟𝑟𝑖𝑔ℎ𝑡 ←approx_error(𝑚.𝑛𝑒𝑢𝑟𝑜𝑛𝑛 , 𝑅𝑟 , 𝑋 )
21 if 𝑒𝑟𝑟𝑙𝑒 𝑓 𝑡 < 𝑒𝑟𝑟𝑟𝑖𝑔ℎ𝑡 then
22 𝑅 ← 𝑅𝑙

23 else
24 𝑅 ← 𝑅𝑟

25 𝑁 [𝑛] ← 𝑅

26 𝑃 [𝑖] = 𝑁

27 return P

5.2 Constant Folded Matrix Generation
Given the approximated linear ranges for each neuron in
each layer, LLMFolder generates constant folded matrices 𝐶
and bias vectors 𝐵 through a systematic transformation.

For each FFN layer, LLMFolder first substitutes the activa-
tion function with the approximated linear function 𝜙𝑛 for
each neuron 𝑛. This transformation creates a sequence of
three consecutive linear operations per neuron: an initial lin-
ear transform (on𝑊1:,𝑛 ), followed by the approximated linear
transform (on 𝜙𝑛 in [𝑙1, 𝑙2)), and finally a second linear trans-
form (on𝑊2𝑛,: ). These three transformations are then con-
stant folded into a single linear transformation. The constant
folding process for each neuron can be formally expressed as:
𝐶𝐹 (𝑊1:,𝑛 ,𝑊2𝑛,: , 𝜙𝑛) = (𝑎𝑊1:,𝑛𝑊2𝑛,: , 𝑏𝑊2𝑛,: ) = (𝐶𝑛, 𝐵𝑛). Here,𝐶𝐹
represents the constant folding function for neuron 𝑛, pro-
ducing a matrix 𝐶𝑛 ∈ R𝑑×𝑑 and a bias vector 𝐵𝑛 ∈ R1×𝑑 .
The parameters 𝑎 and 𝑏 denote the slope and intercept of
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Figure 9. The speculative approximation and result fixing
steps in the online phase of LLMFolder.
the approximated linear function 𝜙𝑛 , respectively. To com-
plete the transformation for each layer, LLMFolder summa-
rizes all ℎ individual neuron’s folded matrix into a single
consolidated matrix 𝐶 ∈ R𝑑×𝑑 and bias vector 𝐵 ∈ R1×𝑑 :
(𝐶, 𝐵) = (∑ℎ

𝑛𝐶𝑛,
∑ℎ

𝑛 𝐵𝑛) for each layer, respectively.

5.3 Predictor Generation
While Section 5.2 details optimized matrix generation for
linear approximation, a practical mechanism is needed for
inputs outside the approximated range (Section 4.1).

LLMFolder employs a speculative approximation with result
fixing scheme. It optimistically assumes inputs are within the
linear range, performs fast matrix operations, and then uses
a lightweight predictor to identify and correct inaccurate
results (Section 5.4).
The predictor identifies neurons with out-of-range in-

puts using a compressed version of the weight matrix𝑊1.
This compressed matrix retains enough information for pre-
diction without full matrix operation overhead. LLMFolder
uses quantization [34] to compress𝑊1, balancing accuracy
and simplicity over alternatives like smaller prediction net-
works [52, 63]. Other LLM compression methods (e.g., prun-
ing, knowledge distillation) are viable if they preserve suf-
ficient predictive information. This approach ensures high
performance and accuracy through selective result fixing.

5.4 Inference Runtime
The LLMFolder operates in two phases: an offline phase that
generates the constant folded matrix (Section 5.2) and predic-
tor (Section 5.3), and an online phase that performs inference
through speculative approximation and result fixing.
Speculative Approximation. During this step, LLMFolder
approximates the FFN computation using a pre-computed
constant folded matrix. This simplifies the complex FFN com-
putation into a simple matrix multiplication and addition
operation: 𝐹𝐹𝑁 (𝑥) ≈ 𝑥𝐶 + 𝐵. This approximation signifi-
cantly reduces the computational complexity compared to
the original FFN computation.

Result Fixing. Not all neurons can be accurately approxi-
mated using the simplified computation above. The predictor
identifies these cases, and LLMFolder corrects the results
for these specific neurons using the original computation
method. This correction involves two steps. First, we remove
the approximate results for the identified neurons. Then, we
compute and add back their actual results using the original
FFN computation.
Figure 9 illustrates this process with a concrete example.

The system first generates an approximate result, then iden-
tifies and corrects inaccurate approximations by replacing
them with precise computations.
Memory Footprint. The memory footprint of LLMFolder
consist of three main parts. 1) The constant folded matrix
and its bias terms; 2) The lightweight predictor; 3) Only
the original weights of neurons that require exact computa-
tion (fixing). Notice that although only a subset of original
weights are needed to be loaded from memory into cache
during inference, all the original weights are still retained
in GPU memory for fast access. The system’s memory effi-
ciency varies between the two inference phases. In the first
phase, more neurons might require their original weights,
leading to higher memory usage. In contrast, during sequen-
tial token generation (second phase), fewer neurons typically
need correction, resulting in better memory efficiency.

6 Implementation
We implemented LLMFolder as a prototype using PyTorch [6].
We integrated LLMFolder into the HuggingFace Transformer
library (v4.41.0) [10] and vLLM inference engine (v0.6.6) [7].
The system consists of two main components:
Offline Component. The offline preprocessing pipeline,
implemented in approximately 900 lines of Python code,
handles non-linear function approximation and constant
folding matrix generation. We leveraged cuML [11], a GPU-
accelerated machine learning library, for training the linear
regression model and performing kernel density estimation
efficiently. The resulting constant-folded matrix is serialized
to a binary format for runtime loading. The predictor is
obtained by GPTQ [34] with 2-bit precision, which is also
stored in binary format, and loaded before inference.
Runtime Component. The inference runtime consists of
two parts: (1) a Python library implementing speculative ap-
proximation and result fixing logic (approximately 150 lines),
and (2) a specialized CUDA kernel [2] for efficient result
fixing. The kernel performs selective loading of FFN weights
based on predicted neuron indices. We optimized the mem-
ory efficiency by memory coalescing [40] and vectorized
shared memory access [13].

7 Evaluation
Our evaluation mainly focuses on the following questions:
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Name Params. %Params.
in FFN

Activation
Function

#Downloads
per month

Falcon-7B 7.2B 80% GELU 75K
Falcon2-11B 11.1B 80% GELU 19K
BLOOMZ-7B1 7.1B 67% GELU 9.3K
GPT-2-XL 1.6B 67% GELU 306K
OPT-6.7B 6.7B 67% ReLU 39K
Table 2. Basic statistics of the evaluated LLMs. The third
column shows the estimated percentage of total model pa-
rameters in the FFN layer.

• How does LLMFolder affect the model’s performance
in terms of perplexity and accuracy on downstream
tasks?
• How does LLMFolder compare with existing LLM one-
shot pruning and post-training quantization methods?
• How much pratical speedup can be gained during in-
ference by LLMFolder?
• How LLMFolder performs when combined with quan-
tization and pruning?

Apart from the above main questions, we evaluate the pre-
cision and effectiveness of the range assignment algorithm,
predictor size’s influence on model performance, runtime
overhead, and the precision effects of reordering FFN.

7.1 Settings
Models. We evaluated LLMFolder on five large language
models ranging from 1.6B to 11.1B parameters: Falcon-7B [19],
Falcon2-11B [15], BLOOMZ-7B [46], GPT2-XL [3], and OPT-
6.7B [17]. These models represent different architectures and
training objectives while being widely adopted in real-world
applications. Each model employs a standard FFN architec-
ture with either GELU or ReLU activation functions. Table 2
summarizes the key characteristics of these models, includ-
ing their parameter count, architecture details, and type of
activation functions.
Evaluating Benchmarks. Following prior works evaluat-
ing LLM performance [33, 51, 53, 64], we evaluate models on
language generation and zero-shot tasks with lm-evaluation-
harness [36]. For language generation, we measure perplex-
ity onWikitext-2 [55], C4 [60], and Penn Treebank (PTB) [54].
On language generation tasks, perplexity measures how well
a model predicts text by calculating the exponential of the
average negative log-likelihood. Lower perplexity indicates
better performance, with a perplexity of 1 representing per-
fect prediction. For zero-shot evaluation, we test accuracy on
PIQA [20], Lambada [12], and ARC-Challenge [16], which
cover reasoning, word prediction, and question answering
tasks respectively. Higher accuracy indicates better model
performance on these tasks.
Setup.We conducted all our experiments on a single NVIDIA
RTX 4090D GPU with 24GB memory. Unless specified, the
calibration dataset we used consists of 8 samples randomly
choosen from the first shard of C4, each with 2048 tokens.

C4 is a dataset consisting of web pages scraped from the
internet, representing generic text data and making sure that
we do not overfit to specifics tasks.
Baselines. We compare LLMFolder against five model com-
pression methods of three categories: 1) Wanda [64] and
RIA [78]: Pruning techniques that remove model parameters
based on activation inputs and weights. 2) PowerInfer [63]: A
contextual pruning method that dynamically skips computa-
tions by predicting activation sparsity patterns. 3) GPTQ [34]
and AWQ [51]: Post-training quantization methods that re-
duce model weight precision to lower bit representations.
In all experiments, we compress the FFN blocks using LLM-
Folder or the baseline methods while keeping the attention
blocks unchanged. LLMFolder’s compression ratio is con-
trolled by the threshold of input activations falling within the
linear range (Section 5.1). We also account for the additional
storage required for the folded matrix and predictor, which
together constitute approximately 10% and 4.8% of the model
size, respectively (Section 5.4). The overall compression ratio
is averaged across both prefill and decode phases.

For Wanda and RIA, the compression ratio is determined
by the pruning ratio or the quantization bits, with pruned
weights considered compressed. For PowerInfer, the com-
pression ratio is controlled by the percentage of activated
neurons in the FFN block, following the approach in [63] for
managing sparsity. For GPTQ and AWQ, the compression
ratio is based on the quantization bit-widths of 8, 4, 3, and
2 bits (with all original models in 16 bits). The additional
storage required for quantization scales and zero-points is
also included in the calculations.

7.2 Folded Model’s Performance
We quantifies the performance of the models folded by LLM-
Folder on language generation and zero-shot tasks, then
compare with the baselines for varying compression ratios.
Summary. LLMFolder outperforms Wanda, RIA and Pow-
erInfer across different compression ratios, and achieves
comparable result to GPTQ and AWQ.

1) At lower compression ratios (50% and 70%), LLMFolder
demonstrates marginally better performance in both lan-
guage generation and zero-shot tasks compared with Wanda
and RIA achieving 4.6× and 3.1× lower perplexity, 1.47× and
1.26× higher accuracy on average.

2) At higher compression ratio (80%), LLMFolder shows
substantial improvements over Wanda and RIA, achieving
up to 215× and 406× lower perplexity on average, while main-
taining an average of 20.1% and 19.1% absolute improvement,
with up to 65.7% higher accuracy on zero-shot tasks.

3) GPTQ and AWQ generally performs the best among all
experimented methods, LLMFolder can achieve an average
of 90.5% of their accuracy under 80% compression ratio, and
98.9% under 50%. PowerInfer only performs well on ReLU-
activation based models.
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Dataset Method Falcon-7B Bloomz-7B1 GPT2-XL OPT-6.7B Falcon2-11B
Compression Ratio 50% 70% 80% 50% 70% 80% 50% 70% 80% 50% 70% 80% 70% 80%

Wikitext2

Dense 6.6 14.1 17.4 10.9 5.2
Wanda 8.4 65.0 1489 16.6 41.2 467 19.8 175.1 1.1e5 11.2 11.2 8429 57.3 1715
RIA 7.3 23.2 7796 15.9 34.7 481 19.4 107.8 1.7e4 10.7 72.0 2.0e4 25.4 1427
PowerInfer 2.0e4 2.7e4 4.2e4 2.4e3 4.8e3 5.4e3 3.4e3 3.9e3 3.9e3 10.9 10.9 10.9 4.2e6 4.8e6
GPTQ 6.6 6.7 7.0 15.2 15.3 15.7 17.4 17.5 17.9 10.8 10.9 13.4 4.8 5.2
AWQ 6.6 6.7 7.1 14.1 14.2 14.6 17.4 17.6 18.2 10.9 10.9 11.1 4.8 5.2
LLMFolder 6.9 7.3 13.4 14.9 16.2 387 19.3 39.9 313 11.1 11.1 11.1 5.9 11.4

C4

Dense 10.1 18.5 20.9 12.7 9.1
Wanda 13.0 85.8 1592 21.4 51.4 459 23.7 193.9 9.0e4 13.9 62.9 8274.5 99.3 2448
RIA 11.9 33.3 9636 21.0 46.9 812 23.4 108.8 1.5e4 13.7 106.8 1.8e4 38.7 2016
PowerInfer 2.1e4 5.1e4 7.8e4 1.7e3 4.1e3 4.5e3 2.5e3 2.8e3 2.8e3 12.7 12.7 12.7 5.7e6 5.9e6
GPTQ 10.1 10.3 11.2 20.1 20.3 21.2 20.9 21.1 22.0 12.7 12.9 15.9 9.1 10.4
AWQ 10.0 10.2 10.9 18.5 18.6 19.4 21.0 21.1 21.9 12.7 12.8 13.1 9.0 9.8
LLMFolder 10.7 11.7 21.8 19.1 20.3 456 24.6 27.1 484 12.9 12.9 12.9 10.9 25

PDB

Dense 9.9 26.8 23.2 13.1 8.4
Wanda 12.9 93.9 2292 30.1 87.1 1058 27.3 185.0 4.6e4 17.2 90.3 6212 106 2631
RIA 11.2 36.4 1.2e4 30.3 77.6 3141 26.5 129.5 1.4e4 14.6 171.7 1.2e4 39.2 2159
PowerInfer 2.0e4 5.6e4 8.5e4 3.0e3 5.4e3 6.1e3 2.8e3 3.1e3 3.1e3 13.1 13.1 13.1 7.8e6 8.2e6
GPTQ 9.9 10.0 10.6 29.0 29.7 31.3 23.2 23.4 24.6 13.0 13.3 19.4 7.9 8.5
AWQ 9.9 10.0 10.6 26.8 27.0 27.4 23.2 23.3 24.5 13.1 13.2 13.6 7.9 8.4
LLMFolder 10.4 11.2 23.3 26.6 28.1 409 30.8 34.7 268 13.4 13.4 13.4 9.5 20.1

Table 3. Perplexity of different models on three datasets, when the model’s FFN block is compressed with different methods.
Text in bold marks the best.

Figure 10. Perplexity (↓) comparison of AWQ, GPTQ, LLM-
Folder and combination of GPTQ with LLMFolder and
Wanda.
Performance against Baselines.We evaluate LLMFolder
against pruning (Wanda, RIA), contextual pruning (PowerIn-
fer), and quantization (GPTQ, AWQ). Detailed results are in
Table 3 (perplexity) and Table 5 (accuracy).

Unstructured Pruning (Wanda, RIA): LLMFolder consis-
tently outperforms Wanda and RIA. At ≈50% compression,
LLMFolder offers comparable or slightly better performance
(e.g., Falcon-7B on Wikitext2: 6.9 vs 7.3-8.4 PPL). At higher
ratios (≥70%), LLMFolder shows substantial gains; e.g., for
Falcon-7B at 80% compression, PPL drops to 13.4 from 1489
(Wanda) and 7796 (RIA), while PIQA accuracy is 73.1% vs
≈54%.Wanda occasionally excels, e.g., on the Lambada bench-
mark at 50% compression.
Contextual Pruning (PowerInfer): PowerInfer’s effective-

ness is primarily on ReLU-based model (OPT6.7B). For mod-
els with other activations like Falcon, BLOOM and GPT2
(GELU), all other methods generally demonstrates better
performance across various compression ratios.

GPTQ bits/
Total FFN Comress Ratio

2/
95%

3/
92.5%

4/
90%

8/
80%

PIQA 65.9% 74.3% 75.5% 76.0%
Lambda 40.3% 74.6% 76.2% 77.1%
ARC-C 22.6% 32.3% 30.9% 31.9%
Table 4. Zero-shot task accuracy of GPTQ+Wanda (50%
compression)+LLMFolder (threshold=0.65) on Falcon-7B.

Quantization (GPTQ, AWQ): While GPTQ and AWQ often
achieve the best results among baselines, LLMFolder remains
highly competitive. On average, LLMFolder achieves 98.9% of
their accuracy at 50% compression and 90.5% at 80% compres-
sion. This might positions LLMFolder as a strong alternative
to pruning methods.

Overall, LLMFolder demonstrates significant advantages,
particularly at high compression levels (>70%), offering a
robust alternative to pruning methods. Its performance rela-
tive to leading quantization techniques is also noteworthy.
LLMFolder also provides a better performance-compression
trade-off than pruning, especially for non-ReLU models or
when targeting very high compression ratios.
Percentage of Weights Accessed. To understand how
LLMFolder’s compression ratio affects the need to access
original model weights during inference, we analyze the per-
centage of original weights accessed at different compression
ratios for Falcon-7B across Wikitext-2, C4, and PTB.
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Dataset Method Falcon-7B Bloomz-7B1 GPT2-XL OPT-6.7B Falcon-2-11B
Compression Ratio 50% 70% 80% 50% 70% 80% 50% 70% 80% 50% 70% 80% 70% 80%
PIQA Dense 79.5% 76.4% 70.8% 76.3% 80%

Wanda 78.1 63.3 54.1 74.5 67.7 57.6 69.4 58.8 54.6 74.4 58.2 53.7 64.5 56.2
RIA 78.6 70.3 54.2 74.6 68.2 60 69.5 62.0 55.1 75 56.1 53.9 67.3 55.4
PowerInfer 68.3 52.2 54.8 52.6 52.5 52.1 53.1 53.0 53.2 76.2 76.2 76.2 52.2 52.9
GPTQ 79.4 79.0 78.7 76.2 75.7 74.7 71.0 70.8 70.0 76.3 76.7 75.9 79.3 78.9
AWQ 79.5 79.4 78.6 76.4 76.0 76.0 70.7 70.9 69.9 76.3 76.7 75.6 79.9 79.7
LLMFolder 79.1 78.4 73.1 74.5 73.2 64.3 70.1 64.2 59 76.3 76.3 76.3 79.7 75.4

Lambada Dense 74.5% 55.9% 51.1% 67.6% 73.5%
Wanda 78.4 35.3 0 57.8 49.8 13.4 53.8 26.1 0 70.1 20 0 13.1 0.2
RIA 73.8 46.5 0 56.6 52.1 26.9 51.1 30.4 0 70.1 12.1 0 27 0
PowerInfer 35.0 0 0 0 0 0 0 0 0 67.7 67.7 67.7 0 0
GPTQ 74.7 74.1 72.5 55.7 55.6 53.8 50.7 50.6 48.8 67.7 67.5 66.7 73.4 71.4
AWQ 74.7 74.0 76.1 55.8 56.2 57.5 51.2 50.1 47.7 67.7 67.5 67.6 74.5 76.1
LLMFolder 73.0 74.3 61.7 51.5 49.4 12.7 42.9 20.6 0.8 68.1 68.1 68.1 73.2 65.7

ARC-C Dense 40.3% 40.3% 25.1% 30.5% 50.1%
Wanda 35.5 20.6 18.3 36.9 28.8 20.9 22.9 19.4 23 30.1 20 20.1 26.9 19.9
RIA 37.8 26.4 20.2 36.9 29.4 21.3 23.1 18.9 21.2 30 20.8 19.9 28.2 20
PowerInfer 30.1 22.0 19.9 18.9 19.4 19.2 20.1 20.9 20.5 30.5 30.5 30.5 21.1 22.3
GPTQ 39.9 39.4 36.6 40.4 39.2 39.5 24.6 24.7 24.9 30.5 31.1 30.1 49.4 44.8
AWQ 40.1 39.3 38.0 40.2 39.8 38.6 24.9 25.6 24,1 30.6 30.5 28.8 49.9 47.6
LLMFolder 38.9 35.7 26.7 38.1 35.2 23.7 22.5 19.4 20.6 31.7 31.7 31.7 46.2 34.1

Table 5. Zero-shot accuracy (%) of tasks on different models with varying compression ratios. Text in bold marks the best.

Figure 11. Percentage of original weights accessed during
inference versus FFN compression ratio.
As Figure 11 shows, the percentage of original weights

accessed decreases with higher compression ratios. For ex-
ample, at a compression ratio of 10%, around 26% of the
original weights are accessed during inference. This percent-
age decreases nearly linearly with higher compression ratios,
reaching about 10% at 70% compression and dropping to ap-
proximately 8% at 90% compression. This trend is consistent
across all three datasets, indicating that as LLMFolder com-
presses the model more aggressively, it relies less on the
original weights, which improves inference efficiency.

7.3 Composability with Quantization and Pruning
LLMFolder is orthogonal to quantization and pruning, allow-
ing combination for improved precision-compression trade-
offs. We evaluated LLMFolder (fixed 0.65 threshold) with
GPTQ and Wanda (50% pruned), using the GPTQ-quantized
𝑊1 FFN matrix as LLMFolder’s predictor.

As shown in Figure 10 and Table 4, this combined ap-
proach offers two key benefits. First, it achieves up to 95%
compression while preserving model performance, a level

Calibration Dataset
Evaluation Dataset Wikitext2 C4 PPL Change

Wikitext2 7.26 7.34 +0.08
C4 11.70 11.33 +0.37

Table 6. Perplexity (PPL) sensitivity to calibration dataset.
Lower is better. The table shows the PPL when the model
is evaluated on one dataset (row) after being calibrated on
another (column).

unattainable by individual methods. Second, it provides a
superior performance-compression tradeoff. For instance, at
92.5% compression, the GPTQ + LLMFolder + Wanda con-
figuration yields an average of 4.4% accuracy drop from the
original model, whereas GPTQ alone at 86% compression (2-
bit) results in a 21.8% accuracy drop. Furthermore, Figure 10
shows that combining GPTQwith LLMFolder achieves better
performance tradeoffs than combining GPTQ with Wanda.
These results demonstrate that integrating LLMFolder

with established methods enhances the balance between
model performance and compression.

7.4 Range Assignment Algorithm
The range assignment algorithm, a key component of LLM-
Folder (Section 5.1), determines the linear range for each
neuron. This section evaluates its precision, effectiveness,
and sensitivity to the calibration dataset.
Precision. Precision is assessed by comparing the actual
percentage of activations within the assigned linear range
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Figure 12. Perplexity (left) and actual percentage of tokens
with activation input in the linear range (right) versus the
number of samples in the calibration dataset.
against the target threshold on the WikiText2 dataset. Fig-
ure 12 (right y-axis, orange) shows the actual percentage of
activations in the linear range for a target of 85%. With only
8 samples, the actual percentage is within 1.8% of the target.
Increasing sample size further refines this alignment.
Data-efficiency and Sensitivity on Calibration Set. LLM-
Folder is data-efficient, requiring a small calibration dataset
due to its independence from backpropagation for weight
updates. This efficiency was evaluated on Falcon-7B using
WikiText-2. Figure 12 (left y-axis, green) shows stable model
perplexity across calibration dataset sizes from 8 to 64 sam-
ples (variation < 0.06), indicating robustness to sample size.
Perplexity correlates strongly with the percentage of acti-
vations within the linear range, where a higher percentage
implies increased cumulative approximation error.

Sensitivity to calibration dataset distribution was assessed
in two ways. First, we performed a cross-evaluation using
WikiText-2 and C4 subsets (8 samples each), calibrating on
one dataset and evaluating on the other for language gen-
eration. As shown in Section 7.3, the choice of calibration
dataset source has minimal impact on performance, with
perplexity variations of only 0.08 and 0.37.
Second, to test for bias from the data’s statistical proper-

ties, we replaced the calibration data with randomly gener-
ated tokens from four distributions: normal, uniform, beta,
and poisson. Across all distributions, the identified linear
ranges were remarkably similar. For the Falcon-7B model,
with ranges set to capture 65% of activation inputs, the range
centers showed a standard deviation of only 0.011, and the
average range length had a standard deviation of just 0.037.
This low variation indicates that the location and size of the
linear range are largely independent of the input distribution.
Effectiveness. The offline range assignment algorithm com-
putes linear ranges for each neuron. For Falcon-7B (8 calibra-
tion samples, 0.85 target threshold), range search takes ≈30
minutes per layer (16 hours total). The subsequent model
folding step, applying these ranges, requires only 6 seconds
per layer. The offline analysis overhead for identifying hot
ranges increases with model size. However, this cost is man-
ageable because our algorithm is highly parallelizable, al-
lowing the analysis for each neuron to be performed inde-
pendently. For instance, for Falcon-40B, the analysis of hot
ranges takes around 338 minutes on a dual-4090 machine

(a) Inference speedups (batch size=1)

(b) Relative Amount of HBM Memory Accesses

(c) Batch inference speedups
Figure 13. Inference Speedup and HBM Memory Access
Reduction of Falcon-7B with LLMFolder
with two-way parallelism across neurons. This one-time pre-
processing cost is amortized over all subsequent inferences.

7.5 Inference Speedup
We evaluate the practical inference speedup achieved by
LLMFolder across different compression ratios. We first mea-
sure both FFN block-level and end-to-end speedup using the
vLLM and HuggingFace frameworks on Falcon-7B. For evalu-
ation, we perform text generation starting with 8 tokens and
generating 192 additional tokens, comparing inference times
across compression ratios from 10% to 80%. As comparison,
we also measured GPTQ’s end-to-end speedup.

As shown in Figure 13.a, LLMFolder begins providing in-
ference benefits at 30% compression. The speedup increases
with higher compression ratios, reaching 1.86× FFN speedup
at 80% compression, with end-to-end inference speedups of
1.39× on HuggingFace and 1.59× on vLLM. vLLM achieves
better speedup due to its optimized attentionmechanism [45]
- attention takes 55% of inference time in HuggingFace but
only 31% in vLLM. GPTQ achieves a maximum end-to-end
speedup of 1.51× at 4bit on vLLM, which is slightly lower
than LLMFolder’s speedup. Interestingly, GPTQ’s speedup
decreases with higher compression ratios (3, 2bits), proba-
bility due to the inefficieny of its implementation on mod-
ern hardwares. The speedup is mainly contributed from the
reduced amount of HBM memory I/O needing during infer-
ence, as measured in Figure 13.b by manually calculating
the amount of bytes that the GPU has to load from VRAM
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Compression Ratio 10% 20% 30% 40% 50% 60% 70%
Inference Speedup (x) 1.49 1.72 2.02 2.46 3.13 4.32 6.97
Table 7. Inference speedup of Falcon-40B with LLMFolder
at different compression ratios

to caches. The amount of I/O for the FFN blocks decreases
nearly linearly as the compression ratio increases.
Batch Processing.We also evaluated LLMFolder’s perfor-
mance in batch inference scenarios, where multiple input
sequences are processed simultaneously. We use the same
setup as above, varying the batch size from 1 to 16 while
keeping the total number of tokens generated constant at
200 on HuggingFace. We measured the end-to-end inference
speedup at compression ratios ranging from 30% to 70%.

Figure 13c shows that as the batch size increases, the end-
to-end speedup provided by LLMFolder decreases. Specifi-
cally, at a compression ratio of 70%, the speedup drops from
1.23× at batch size 1 to 0.99× at batch size 16. This trend
is because the portion of original weights that need to be
accessed during batch inference increases with batch size.
This is because at larger batches, a neural that predicted to
be in the linear range for one sequence may not be in the
linear range for another sequence, necessitating access to the
original weights for accurate computation. For instance, at a
compression ratio of 50%, the percentage of original weights
accessed increases from 35.8% at batch size 1 to 89.7% at batch
size 16. This increased access to original weights reduces the
performance benefits of LLMFolder in batch processing.
Similarly, when processing sequences with many initial

tokens but generating few output tokens (a less common sce-
nario [14]), LLMFolder also show limited performance gains.
This is because during the initial processing phase, each in-
put token tends to activate different neurons, reducing the
sparsity patterns that LLMFolder leverages for acceleration.
Larger Models. When the model size increases to larger
models that do not fit into GPU memory, LLMFolder’s bene-
fits become more pronounced. We measured the inference
speedup of Falcon-40B, which requires offloading parts of the
74.5GB model parameters to CPU memory during inference.
Specifically, for the baseline HuggingFace implementation,
we offload part of the FFN weights to CPU memory and pin
the attention weights in GPU memory. For LLMFolder, we
pin all the folded matrices and predictors in GPU memory,
while offloading the original FFN weights that cannot fit into
GPU memory to CPU.
Table 7 shows the end-to-end inference speedup at dif-

ferent compression ratios. LLMFolder achieves up to 6.97×
end-to-end inference speedup at a 70% compression ratio.
This significant speedup is mainly due to the reduction in
data transfer over the PCIe bus between CPU and GPU mem-
ory, which is substantially more expensive than accessing
on-chip HBM. LLMFolder minimizes this bottleneck by en-
suring only a small portion of the original weights must be

Figure 14. Performance breakdown of Falcon-7B FFN block
during inference under a threshold of 0.85

Figure 15.Memory consumption breakdown of Falcon-7B
with LLMFolder.

Figure 16. Influence of predictor size on perplexity in Wiki-
text2 dataset, evaluated with Falcon-7B.
transferred from the CPU to the GPU when fixing mispre-
dicted neurons.

7.6 Performance Overhead
The runtime overhead of LLMFolder arises from two main
sources: additional memory usage and inference time. For
Falcon-7B, each layer (32 in total) requires 39MB for the pre-
computed matrix and 20MB for the predictor, totaling 59MB
per layer. Figure 15 breakdowns the memory consumption,
showing that LLMFolder incurs a 14% memory overhead
compared to the original model size (13.3GB). Inference time
is primarily affected by four components: predictor execu-
tion, constant folded matrix computation, result fixing, and
auxiliary operations (e.g., mask generation and index con-
version for correcting mispredicted neurons). As shown in
Figure 14 with a target threshold of 0.85, result fixing dom-
inates due to costly sparse matrix indexing and loading in
CUDA kernels. The predictor accounts for 11.7% of the to-
tal time, folded matrix computation consumes another 22%,
and auxiliary operations the remainder. This indicates that
sparse operations, rather than prediction, contribute most
to the computational overhead.

7.7 Influence of Predictor Size
The predictor’s accuracy in LLMFolder, influenced by its size,
affects model performance [63]. We evaluated Falcon-7B’s
perplexity on WikiText2 with varying predictor sizes, con-
trolled by the number of bits used in quantization [34] of
the weight matrix in FFN. Figure 16 shows that perplexity
decreases as predictor size increases, with a maximum differ-
ence of 0.12. This suggests that LLMFolder can use a small
predictor to balance performance and memory footprint.
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Intermediate Type Original bfloat16 float16 float32 float64
Average MSE 0 2.9e-3 4.9e-5 1.3e-5 1.3e-5
Perplexity 7.184 7.369 7.185 7.186 7.185
Table 8. Perplexity and FFN MSE on WikiText2 with and
without folding by using different intermediate data types
during folded matrix generation

7.8 Precision Effects on Reordering FFN
Floating-point arithmetic is commutative but not strictly as-
sociative or distributive due to finite precision and rounding
errors [8]. LLMFolder leverages these properties for con-
stant folding. We empirically evaluate the numerical impact
of these approximations. Our evaluation comprises two parts:
a perplexity comparison between folded and non-folded im-
plementations, and a direct measurement of numerical dif-
ferences in matrix operations at various scales.
The perplexity comparison involves three scenarios: (1)

baseline sequential computation (no folding), (2) computa-
tion using the folded matrix, and (3) hybrid computation
using ground-truth activation inputs for linear range deter-
mination, thereby isolating predictor effects.
Table 8 presents perplexity measurements for various

floating-point precisions.Minimal perplexity differences (<0.1%)
are observed between folded and non-folded implementa-
tions using float32 or float16. Notable differences arise only
with bfloat16, which has lower mantissa precision.

To quantify numerical stability at varying scales, we com-
puted the Mean Squared Error (MSE) between folded and
original matrix computations for matrices of the original
Falcon-7B FFN size (1×) as well as for FFNs scaled by factors
of 4× and 8×. These computations consistently yielded low
MSE values (all < 10−6 across these scales), indicating that
numerical errors from matrix reordering are negligible, even
with increased matrix dimensions.

8 Related Works
LLM Inference Acceleration. Beyond model compression,
significant research targets efficient LLM inference algo-
rithms. Speculative decoding employs a smaller, faster LLM
to draft tokens, subsequently verified by a larger LLM [22,
24, 47, 48]. FlashAttention [27, 28] optimizes attention I/O
by tiling computations. Building on this, FlashDecoding [26]
enhances parallelism in sequence dimensions, and FlashDe-
coding++ [42] further reduces synchronization overhead via
an equivalent softmax transformation.

LLMFolder reduces I/O costs and improves inference speed
by merging FFN matrix multiplication and activation func-
tions into a single operation. This approach is orthogonal
to existing inference acceleration techniques, allowing for
potential synergistic performance gains.
Activation Function Approximation.Activation function
approximation approaches are either hardware-centric or
software-centric. Hardware approaches [58, 77] focus on

FPGA implementations and simpler neural networks. Soft-
ware approaches [50] target training optimization through
piecewise linear approximation.
In contrast, LLMFolder combines activation function ap-

proximation with constant folding, enabling parameter re-
duction through matrix multiplication merging for both
memory and speed benefits.

9 Discussion and Limitations
A key limitation of LLMFolder is its handling of LLMs em-
ploying GLU-variant [62] Feed-Forward Networks (Gated-
FFN). Models such as LLaMA3.1 [31] and Qwen 2.5 [72]
utilize FFN variants with quadratic operations: 𝐹𝐹𝑁 (𝑥) =
𝜎 (𝑥𝑊1) ⊙ (𝑥𝑊2)𝑊3, where ⊙ denotes elementwise multi-
plication. This architecture presents challenges for matrix
folding due to the exponential growth of folded matrices.
For instance, applying LLMFolder to LLaMA-2-7B would
increase parameters by 254×, undermining the objective of
reducing computational costs.
Despite this, non-gated models remain highly popular

and competitive, which demonstrates the broad applicability
of LLMFolder. On HuggingFace, the most downloaded text
generation model is the non-gated GPT-2 (14.3M/month).
According to our analysis across 17 language model tasks
on HuggingFace, non-gated models comprise nearly 75% of
the top 20 downloaded models, representing 92.1% (586.6M)
of their total monthly downloads. This popularity might
be supported by strong performance. For instance, the non-
gated Falcon-7B achieves perplexity scores (6.6 on Wikitext-
2, 10.1 on C4) comparable to the gated LLaMA3-8B (6.1, 9.2).
Future research could focus on developing specialized

folding techniques to efficiently manage these quadratic op-
erations while maintaining acceptable overhead.

10 Conclusion
LLMFolder, a novel approach, compresses LLMs by apply-
ing constant folding optimization to feed-forward networks
(FFNs). It approximates non-linear activations with linear
functions in common input ranges, enabling parameter re-
duction via matrix multiplication reordering. Experiments
demonstrate LLMFolder reduces FFN parameters by up to
80% (95% with quantization and pruning) while maintaining
accuracy. This achieves 1.6× inference speedup on vLLM
and 1.4× on HuggingFace.
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