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Abstract

Large language models (LLMs) achieve strong
performance across diverse domains but remain
difficult to deploy in resource-constrained en-
vironments due to their size. Low-rank com-
pression is a common remedy, typically mini-
mizing weight reconstruction error under the
assumption that weights are low-rank. How-
ever, this assumption often does not hold in
LLMs. In contrast, LLM activations exhibit a
more pronounced low-rank structure, motivat-
ing approaches that minimize activation recon-
struction error.

This shift alone, however, is not sufficient:
different activation dimensions contribute un-
equally to model performance, and treating
them uniformly can lead to accuracy loss. We
introduce IMPACT, an importance-aware acti-
vation reconstruction framework that links com-
pression to its effect on model performance.
IMPACT formulates compression as an op-
timization problem that integrates activation
structure with gradient-based importance, de-
riving a closed-form solution where reconstruc-
tion bases arise from an importance-weighted
activation covariance matrix. This yields low-
rank compression explicitly optimized for accu-
racy preservation. Experiments across multiple
models and tasks demonstrate that IMPACT
achieves up to 55.4% greater model size reduc-
tion while maintaining accuracy comparable to
or better than state-of-the-art baselines.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a wide range of domains.
However, their massive size poses a significant
barrier to deployment, particularly in resource-
constrained environments. Larger models require
more memory, incur slower token throughput,
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Figure 1: Normalized average gradient magnitudes
across activation dimensions in Llama 2-7B on a mathe-
matical reasoning task. For each linear layer, the output
activation is a vector y ∈ Rd, where each element yi rep-
resents an activation dimension. Dimensions are sorted
in descending order of the normalized average gradi-
ent magnitudes. Gradient magnitudes vary substantially
across activation dimensions—a pattern consistently ob-
served across other models and tasks.

and demand greater computational and energy re-
sources during inference (Li et al., 2024, 2025b).
As a result, there is growing urgency to develop
compression techniques that can reduce model size
while preserving performance.

Low-rank weight matrix compression has
emerged as a widely used strategy for model com-
pression (Xue et al., 2013; Acharya et al., 2019;
Noach and Goldberg, 2020; Huang et al., 2021; Lv
et al., 2023; Sharma et al., 2024; Li et al., 2025a).
It approximates a weight matrix W ∈ Rm×n as
the product of two smaller matrices, W1 ∈ Rm×k

and W2 ∈ Rk×n, where k ≪ m,n, thereby reduc-
ing the number of parameters. Classical methods
select W1 and W2 to minimize the reconstruction
error ∥W−W1W2∥, implicitly assuming that the
weight matrix itself is low-rank. However, recent
evidence from Yu and Wu (2023) reveals that the
weight matrices in large-scale models are often not
low-rank, limiting the efficacy of direct weight ap-
proximation. Interestingly, they observe that the
activations—the outputs of linear layers—tend to
exhibit much stronger low-rank structure. This has
led to a shift in focus: instead of minimizing weight
reconstruction error, some recent methods (Yu and
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Wu, 2023; Chen et al., 2021b) minimize the error
in reconstructing the activations induced by those
weights, achieving better empirical performance.

However, minimizing activation reconstruction
error alone is insufficient to guarantee strong model
performance. As shown in Figure 1, different
activation dimensions vary widely in their influ-
ence on the loss: dimensions associated with large
gradients are highly sensitive to reconstruction er-
rors, whereas others contribute little even when
poorly reconstructed. Thus, treating all dimensions
equally during compression can disproportionately
harm those that matter most—leading to greater
performance degradation despite low reconstruc-
tion error. This raises a critical question:

How can we align activation reconstruction
decisions with their actual performance impact?

Answering this question requires a principled
framework that explicitly connects weight compres-
sion, activation reconstruction, and their contribu-
tion to model performance—a connection that has
not yet been systematically explored in the context
of low-rank weight matrix compression.

To this end, we propose IMPACT, a theoretical
framework that guides importance-aware activation
space reconstruction. IMPACT rigorously analyzes
the relationship among weight compression, ac-
tivation reconstruction, and model performance.
By explicitly linking reconstruction decisions to
their performance impact, it provides principled
guidance for selecting weights to minimize perfor-
mance degradation. The framework is grounded in
a formal optimization formulation, which is trans-
formed into a more tractable domain and solved
through a rigorous analytical derivation using the
Lagrange multiplier method. Despite the complex-
ity of the derivation, the final result is remarkably
simple: the optimal activation reconstruction bases
are the eigenvectors of an importance-weighted
activation covariance matrix C = Cov(y) ⊙ M,
where Cov(y) is the covariance matrix of the ac-
tivations, and M is the gradient-informed impor-
tance matrix (Equations (10)–(12)). These eigen-
vectors yield the weight matrices W1 and W2 that
minimize performance loss. We apply IMPACT
to compress a variety of models across diverse
datasets and show that it achieves up to 55.4%
greater size reduction while maintaining perfor-
mance comparable to state-of-the-art baselines.

This paper makes the following contributions:

• We introduce IMPACT, a principled theoreti-

cal framework that formally characterizes the
relationship between activation reconstruction
and its effect on model performance. To our
knowledge, this is the first framework within
the scope of low-rank weight matrix compres-
sion that directly links activation reconstruc-
tion choices to model performance.

• We derive a closed-form solution for select-
ing optimal reconstruction bases using an
importance-weighted activation covariance
matrix, enabling importance-aware low-rank
compression that prioritizes activation dimen-
sions critical to loss minimization.

• We empirically validate IMPACT across a
broad range of models and tasks, demonstrat-
ing that it achieves substantially greater com-
pression while maintaining performance com-
parable to state-of-the-art methods.

2 Related Work

Singular value decomposition (SVD) (Golub and
Van Loan, 1983) is a widely-used technique for
neural network compression, offering low-rank ap-
proximations that reduce model size and improve
efficiency. Prior work has applied SVD to various
network components—convolutional layers, recur-
rent units, and embeddings—across domains such
as language, speech, and vision (Xue et al., 2013;
Jaderberg et al., 2014; Denton et al., 2014; Tai
et al., 2016; Kim et al., 2016; Lu et al., 2016; Wen
et al., 2017; Chen et al., 2018; Acharya et al., 2019;
Wang et al., 2021). More recent efforts extend these
techniques to Transformer-based models (Noach
and Goldberg, 2020; Huang et al., 2021; Li et al.,
2023; Lv et al., 2023; Sharma et al., 2024; Li et al.,
2025a), compressing attention and feedforward lay-
ers to enhance memory and compute efficiency.

Traditional SVD-based methods minimize
weight reconstruction error by retaining top sin-
gular values and vectors, but this can discard
performance-critical information. To address this,
FWSVD (Hsu et al., 2022) introduces a weighted
factorization scheme guided by Fisher information,
assigning higher importance to influential weights.

Recent work has proposed weight compression
methods that depart from minimizing weight re-
construction error and instead aim to minimize the
reconstruction error of layer activations (Yu and
Wu, 2023; Yuan et al., 2023; Chen et al., 2021b).
Among them, AFM (Yu and Wu, 2023) explic-
itly leverages the empirical observation that acti-
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vations often exhibit stronger low-rank structure
than weights, and optimizes the factorized weights
to preserve activations. While these approaches
have shown improved empirical results, they typi-
cally treat all activation dimensions equally, with-
out fully accounting for their varying contribution
to model performance.

In contrast, our work focuses on minimizing the
impact of activation reconstruction on model per-
formance. Rather than uniformly reducing recon-
struction error, we prioritize preserving the most
prediction-critical components of the activation. To
our knowledge, this is the first framework in the
context of low-rank weight matrix compression that
explicitly links activation reconstruction choices to
their effect on model accuracy.

Beyond efficiency, another important question is
how compression affects trustworthiness. Asante
et al. (2026) studies the impact of low-rank com-
pression on privacy, adversarial robustness, ethics,
and fairness. More broadly, low-rank compression
is only one way to improve inference efficiency;
other techniques include, for example, quantiza-
tion, pruning, and token compression. Sheared
LLaMA (Xia et al., 2024) and KiToke (Huang and
Li, 2026) illustrate the latter two directions.

3 The IMPACT Framework

In this section, we present IMPACT, our acti-
vation reconstruction-based model compression
framework. IMPACT identifies a set of direc-
tions that enable importance-aware activation re-
construction, minimizing compression-induced per-
formance degradation. We first formulate the op-
timization problem and define the compression
directions in Section 3.1, laying the foundation
for performance-preserving reconstruction. Sec-
tions 3.2 to 3.6 develop a systematic solution by
transforming the activation space, deriving opti-
mal directions via constrained optimization, and
constructing the compressed model. Section 3.7
provides a complete algorithm and implementation
details of the IMPACT framework.

3.1 Defining the Objective Function

Let y ∈ Rd be the activation produced by a spe-
cific layer of the model for a single input sample.
We aim to identify a set of r orthonormal vec-
tors {u1, . . . ,ur} that define the directions used
to reconstruct activations. Each vector satisfies
∥uk∥ = 1 and ui ⊥ uj for i ̸= j, with indices

i, j, k ∈ {1, . . . , r}. The reconstructed activation
is denoted by ŷ.

Our objective is to select {uk} such that the
reconstructed activation ŷ closely approximates
the original activation y while preserving model
performance. To this end, we define the following
objective function:

min f({uk}) = αE
[
∥y − ŷ∥2

]
+ βE

[
(ℓ(y)− ℓ(ŷ))2

]
(1)

This objective comprises two terms:

• αE[∥y − ŷ∥2] encourages ŷ to be numerically
close to y.

• βE
[
(ℓ(y)− ℓ(ŷ))2

]
penalizes changes in the

loss function ℓ due to discrepancies between
y and ŷ. The values of α and β are set in
Section 3.2.

3.2 Bounding the Objective

We now derive an upper bound on the original ob-
jective function, providing a more tractable alterna-
tive for optimization.

Theorem 1 (Bounding Theorem). Suppose the loss
function ℓ is C1-smooth, and the activation dimen-
sion is d. Then the objective function in Equa-
tion (1) is upper bounded by:

f({uk}) ≤ E




∥∥∥∥∥∥∥

√√√√βdE

[(
∂ℓ

∂y

)2
]⊤

+ α⊙ (y − ŷ)

∥∥∥∥∥∥∥

2


(2)

Here, ⊙ denotes the Hadamard (elementwise)
product. The proof is presented in Appendix A.2.
To simplify the expression and balance the two
components of the objective, we set the parameters:

α = η, β =
1− η

E
[∥∥∥ ∂ℓ

∂y

∥∥∥
2
]

We study the effect of η in Appendix B.2. Substi-
tuting these values into the upper bound yields:

h({uk}) = E

[∥∥∥∥∥

√√√√√√
(1− η)

1
d
E
[∥∥∥ ∂ℓ

∂y

∥∥∥
2
]E
[(

∂ℓ

∂y

)2
]⊤

+ η ⊙ (y − ŷ)

∥∥∥∥∥

2]

(3)

This gives the inequality:

f({uk}) ≤ h({uk})

Directly minimizing f({uk}) under the orthonor-
mal constraints

∥uk∥ = 1, ui ⊥ uj for i ̸= j, i, j, k = 1, . . . , r
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is analytically challenging. Solving this problem
via mathematical programming is computationally
prohibitive due to the high dimensionality of the
variables {uk}, which scale with the model’s pa-
rameter size. To address this challenge, we instead
minimize the upper bound h({uk}) of the original
objective, subject to the same orthonormal con-
straints. This relaxation yields an optimization
problem that admits an efficient analytical solution.

3.3 Activation Space Transformation
To optimize the objective h({uk}) under the or-
thonormal constraints, we transform the activations
into a new space where the optimization problem
can be solved analytically. Specifically, we define
a transformation coefficient a as:

a =

√√√√√√√√(1− η)

E
[(

∂ℓ
∂y

)2]⊤

1
d
E
[∥∥∥ ∂ℓ

∂y

∥∥∥
2
] + η (4)

Without loss of generality, we assume that the
mean-removed reconstructed activations are given
by projecting the original activations (after trans-
formation) onto the subspace spanned by {uk}.
Formally, we impose:

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y])) (5)

Defining the transformed activation ỹ as

ỹ = a⊙ (y − E [y])

we can rewrite the objective h({uk}) in a form
that depends only on the transformed activation, as
stated in the following theorem.

Theorem 2 (Activation Space Transformation
Theorem). Given the transformation ỹ = a ⊙
(y − E[y]), the objective h({uk}) becomes:

h({uk}) = E

[
ỹ⊤
(
I−

∑

k

uku
⊤
k

)
ỹ

]

The proof is provided in Appendix A.3.

3.4 Lagrange Formulation and Derivation
To solve the constrained optimization problem, we
apply the method of Lagrange multipliers. Our
goal is to minimize the objective h({uk}) subject
to the normalization constraint ∥uk∥ = 1, along
with the orthogonality constraints. To enforce this,
we define the Lagrangian function:

L({uk}) = h({uk}) +
r∑

k=1

λk

(
u⊤
k uk − 1

)
(6)

where λk is the Lagrange multiplier associated with
the constraint u⊤

k uk = 1.
We derive the optimality conditions by taking

the derivative of L({uk}) with respect to each uk

and setting it to zero. Using standard results from
matrix calculus, we obtain:

∂L

∂uk
= −2u⊤

k E
[
ỹỹ⊤

]
+ λku

⊤
k (7)

To simplify notations, we define the importance-
weighted activation covariance matrix:

C = E
[
ỹỹ⊤

]
(8)

Substituting into Equation (7), the optimality
condition becomes:

−2u⊤
k C+ λku

⊤
k = 0 (9)

The following theorem characterizes the struc-
ture of C.

Theorem 3 (Importance-Weighted Activation Co-
variance Matrix). The matrix C is equal to the
Hadamard product of the activation covariance
matrix Cov(y) and the gradient-informed impor-
tance matrix M, i.e.,

C = Cov(y)⊙M (10)

where
Cov(y) = E

[
(y − E[y])(y − E[y])⊤

]
(11)

M = aa⊤ (12)

A detailed derivation is provided in Appendix A.4.
Remark 1. Since both Cov(y) and M are posi-
tive semidefinite, their Hadamard product C is also
positive semidefinite by the Schur product theo-
rem (Zhang, 2005).
Remark 2. Because Cov(y) and M are symmetric,
C is symmetric as well.

To illustrate the importance-aware activation re-
construction enabled by the gradient-informed im-
portance matrix M, we present visual heatmaps
and detailed analysis in Appendix B.1.

3.5 Reconstruction Direction

From Equation (9) and the fact that C is real and
symmetric, we have:

Cuk = λkuk (13)

This implies that each reconstruction direction uk

is an eigenvector of C. We formalize this result in
the following theorem.
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Theorem 4 (Reconstruction Direction Theorem).
To minimize the objective h({uk}) under orthonor-
mality constraints, the optimal kth reconstruction
direction uk is the eigenvector corresponding to the
kth largest eigenvalue of the importance-weighted
activation covariance matrix C.

A full derivation is provided in Appendix A.5.
The reconstruction directions {uk}rk=1 are ob-

tained by selecting and normalizing the top r eigen-
vectors of C. These eigenvectors are guaranteed to
be orthogonal.

3.6 Compressed Model Representation
After obtaining the reconstruction directions
{uk}rk=1, we construct the compressed model ac-
cordingly.

Given the relationship between the original acti-
vation y and the reconstructed activation ŷ:

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y]))

and the fact that y = Wx + b, where W and b are
the original layer’s weight matrix and bias, we can
express the reconstructed activation ŷ as follows:

Theorem 5 (Activation Reconstruction Theorem).
The reconstructed activation ŷ, which satisfies the
projection condition

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y]))

is given by:

ŷ =
[
U⊘ (a · 1⊤

r )
] [

(U⊙ (a · 1⊤
r ))

⊤W
]
x

+ E[y] + (UU⊤ ⊙ (
1

a
· a⊤))(b− E[y])

where U = [u1, . . . ,ur], 1r is an r-dimensional
column vector of ones, W and b are the original
layer’s weight matrix and bias, x is the input acti-
vation, and ⊘ denotes element-wise division.

A full derivation is provided in Appendix A.6.
Based on this result, the compressed layer is

implemented using two linear layers:

• The first layer has a weight matrix

W1 = (U⊙ (a · 1⊤
r ))

⊤W

and no bias;

• The second layer has a weight matrix

W2 = U⊘ (a · 1⊤
r )

and bias

b′ = E[y] + (UU⊤ ⊙ (
1

a
· a⊤))(b− E[y])

The compressed layer is expressed as:

ŷ = W2(W1x) + b′

3.7 IMPACT Algorithm Description
Algorithm 1 outlines the procedure, which consists
of two stages: profiling and compression.

3.7.1 Profiling Stage
The algorithm gathers activation and gradient statis-
tics for each linear layer in the model. Specifically,
it computes the mean activation, the activation co-

Algorithm 1: IMPACT Algorithm
Input: Model LM
Output: Compressed Model LM′

Data: Dataset D, Keeping Ratio k

Stage 1: Profiling;
Let n be the total number of samples in D;
for each layer l in LM do

Initialize
E
[
yy⊤]

l
= 0, E[y]l = 0, E

[(
∂ℓ
∂y

)2]
l
= 0;

for each sample s ∈ D do
Get activation yl and gradient ∂ℓ

∂yl
for layer l;

for each layer l in LM do
E
[
yy⊤]

l
← E

[
yy⊤]

l
+ yly

⊤
l ;

E[y]l ← E[y]l + yl;

E
[(

∂ℓ
∂y

)2]
l
← E

[(
∂ℓ
∂y

)2]
l
+
(

∂ℓ
∂yl

)2;

for each layer l in LM do
E
[
yy⊤]

l
← E

[
yy⊤]

l
/n;

E[y]l ← E[y]l /n;

Cov(y)l ← E
[
yy⊤]

l
− E[y]l E[y]

⊤
l ;

Stage 2: Compression;
for each layer l in LM do

// For brevity, the subscript l is omitted from the
notations presented below.

Compute the transformation coefficient a based
on Equation (4);

Compute the gradient-informed importance
matrix M based on Equation (12);

Compute the importance-weighted activation
covariance matrix C based on Equation (10);

[U,Λ] = eigenvalue_decomposition(C);
// The columns of U are the eigenvectors of C;
// The vector Λ consists of the eigenvalues of C;
Sort the elements of Λ in descending order and

reorder U accordingly;
Find smallest r such that(∑r

j=1

√
Λj

)/(∑d
j=1

√
Λj

)
≥ k/100;

U← First r columns of U ;
Substitute the original linear layer with two new

linear layers with smaller sizes:
The first new layer has a weight matrix of
(U⊙ (a · 1⊤

r ))
⊤W and no bias;

The second new layer has a weight matrix of
U⊘ (a · 1⊤

r ) and a bias of
E[y] + (UU⊤ ⊙ ( 1

a
· a⊤))(b− E [y]);

return Compressed Model LM′;
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Figure 2: Pass@1 accuracy and model size of Llama 2-7B compressed with various low-rank algorithms on the
mathematical reasoning task. Exact values are listed in Table 6.
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Figure 3: Pass@1 accuracy and model size of Llama 2-13B compressed with various low-rank algorithms on the
mathematical reasoning task. Exact values are listed in Table 7.

variance matrix, and the mean squared gradient
with respect to the activations. These statistics form
the basis for the subsequent compression step.

3.7.2 Compression Stage
Using the collected statistics, the algorithm con-
structs the importance-weighted activation covari-
ance matrix C for each linear layer by applying a
Hadamard product between the activation covari-
ance and the gradient-informed importance matrix.
Eigenvalue decomposition is then performed on C
to extract the top eigenvectors, which define the
compression directions. Each original linear layer
is subsequently replaced by a pair of smaller linear
layers designed to preserve model performance.

4 Experiments

4.1 Evaluation Methodology

We evaluate the effectiveness of low-rank com-
pression algorithms on two tasks: mathematical
reasoning and code generation. For mathematical
reasoning, we use the Llama 2-7B and -13B mod-
els (Touvron et al., 2023); for code generation, we
use CodeLlama-7B and -13B (Rozière et al., 2023).
Each model is first finetuned on a task-specific
finetuning set, then compressed using a low-rank
method, and finally undergoes post-compression

finetuning before evaluation. For fair comparison,
we applied the same supervised fine-tuning (SFT)
protocol to all methods, including IMPACT and all
baselines. We used AdamW with a learning rate of
2e-5 for Llama 2-7B and CodeLlama-7B, and 1e-5
for Llama 2-13B and CodeLlama-13B, along with
cosine learning rate scheduling (warmup ratio 3%),
BF16 mixed precision, and FSDP. The total batch
size was 128 for both Llama 2-7B and CodeLlama-
7B (2 GPUs × 64 samples per GPU), and for Llama
2-13B and CodeLlama-13B (4 GPUs × 32 samples
per GPU). All profiling was performed as a one-
time post-training pass on a single NVIDIA A100
GPU. Additional details on the profiling cost and
stability with respect to calibration data are pro-
vided in Appendix B.3.

We employ distinct datasets for calibration and
evaluation. For calibration, we use MetaMathQA-
395K (Yu et al., 2024) for mathematical rea-
soning and Code-Instructions-120K (Bisht, 2023)
for code generation. For evaluation, on the
mathematical reasoning task, we evaluate on
GSM8K (Cobbe et al., 2021) and Hendrycks’
MATH (Hendrycks et al., 2021); on code gener-
ation, we use MBPP (Austin et al., 2021) and Hu-
manEval (Chen et al., 2021a) as evaluation sets.

We compare our proposed method, IMPACT,
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Figure 4: Pass@1 accuracy and model size of CodeLlama-7B compressed with various low-rank algorithms on the
code generation task. Exact values are listed in Table 8.

97531
Compression Ratio

55

35

15Ac
cu

ra
cy

 (%
) SVD

FWSVD
ASVD
AFM
IMPACT

(a) HumanEval

97531
Compression Ratio

60

40

20

0
Ac

cu
ra

cy
 (%

) SVD
FWSVD

ASVD
AFM
IMPACT

(b) MBPP

Figure 5: Pass@1 accuracy and model size of CodeLlama-13B compressed with various low-rank algorithms on the
code generation task. Exact values are listed in Table 9.

against state-of-the-art low-rank compression tech-
niques, including SVD (Xue et al., 2013; Wang
et al., 2021; Noach and Goldberg, 2020; Huang
et al., 2021; Li et al., 2023; Lv et al., 2023; Sharma
et al., 2024; Lin et al., 2025), a widely used ma-
trix factorization method; FWSVD (Hsu et al.,
2022), which incorporates weight importance; and
activation-aware approaches such as ASVD (Yuan
et al., 2023) and AFM (Yu and Wu, 2023).

Beyond low-rank compression methods, we
also benchmark IMPACT against compression
techniques from other paradigms, including
QLoRA (Dettmers et al., 2023), a quantization
approach that finetunes low-rank adapters, and
FLAP (An et al., 2024), a pruning method that re-
moves weights based on magnitude and activation
variance. These comparisons highlight IMPACT’s
robustness and effectiveness across diverse com-
pression strategies.

4.2 Evaluation of Low-Rank Compression for
Mathematical Reasoning

Figures 2 and 3 show the performance of low-rank
compression methods on Llama 2-7B and -13B for
the mathematical reasoning task. We evaluate the
Pass@1 accuracy of the models across a range of
compression ratios (the ratio of the original model
size to the compressed model size). The precise nu-

merical values corresponding to these performance
curves are reported in Tables 6 and 7. Our proposed
method, IMPACT, consistently outperforms SVD,
FWSVD, ASVD, and AFM across all compression
ratios, achieving greater compression while main-
taining comparable or superior accuracy.

On Llama 2-7B, IMPACT achieves up to 55.4%
greater size reduction than the strongest base-
line (AFM) on GSM8K, and up to 31.7% more
on MATH, while maintaining the same accuracy.
Across all evaluated compression ratios, it com-
presses the model over 40% more than SVD,
FWSVD, and ASVD on both datasets while deliver-
ing similar or better performance. Similar patterns
are observed for Llama 2-13B, where IMPACT
achieves up to 39.8% more compression than AFM
on GSM8K and 36.5% more on MATH. At com-
pression ratios above 2.5×, IMPACT continues
to deliver over 35% more compression than SVD,
FWSVD, and ASVD while maintaining better per-
formance.

4.3 Evaluation of Low-Rank Compression for
Code Generation

Figures 4 and 5 show the performance of IMPACT
and baselines on CodeLlama-7B and -13B for code
generation, with precise numerical values reported
in Tables 8 and 9. We evaluate the Pass@1 accuracy
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Figure 6: Pass@1 accuracy and model size of Llama 2-7B models compressed using quantization alone, as well as
in combination with low-rank compression or pruning techniques, evaluated on the mathematical reasoning task.
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Figure 7: Pass@1 accuracy and model size of Llama 2-13B models compressed using quantization alone, as well as
in combination with low-rank compression or pruning techniques, evaluated on the mathematical reasoning task.

on the HumanEval and MBPP benchmarks across
a range of compression ratios.

IMPACT consistently outperforms baseline
methods by achieving greater compression while
maintaining comparable or superior accuracy on
both code generation tasks. On CodeLlama-7B,
IMPACT reduces model size by up to 24.2% more
than the best-performing baseline on HumanEval,
and by 30.7% more on MBPP. Similar trends
are observed on CodeLlama-13B, where IMPACT
achieves up to 18.1% more compression on Hu-
manEval and 28.0% more on MBPP compared to
the strongest baseline.

4.4 Integrating IMPACT with Quantization

Quantization and low-rank compression are distinct
model compression techniques grounded in differ-
ent principles: quantization reduces the precision
of model weights, whereas low-rank compression
approximates weight matrices as the product of
smaller matrices. Quantization generally preserves
performance at 8-bit precision or higher but often
degrades accuracy at lower precisions like 4-bit.
To assess the combined effect of quantization and
other compression methods such as low-rank com-
pression and pruning, we integrate 8-bit quantiza-
tion with IMPACT, AFM (the strongest low-rank
baseline), and FLAP to produce compressed mod-

els of various sizes.
Results on mathematical reasoning with Llama 2-

7B (Figure 6, Tables 1 and 3) show that IM-
PACT with 8-bit quantization consistently outper-
forms pure 4-bit quantization, 4-bit QLoRA, 8-bit
AFM, and 8-bit FLAP. For example, 8-bit IMPACT
achieves higher accuracy at a model size of 1.19
GB than 8-bit FLAP, 8-bit AFM, and 4-bit QLoRA
do at 5.39 GB, 1.30 GB, and 3.45 GB, respectively.
Similar trends are observed for Llama 2-13B (Fig-
ure 7, Tables 2 and 3), where 8-bit IMPACT out-
performs all baselines. These results highlight the
superior performance of IMPACT and the benefit
of combining low-rank compression with quanti-
zation, which yields higher accuracy than either
technique alone at the same model size.

4.5 Inference Performance

To evaluate inference performance, we measure
the throughput and memory usage of compressed
models on the mathematical reasoning task. Fig-
ure 8 presents results for models compressed using
SVD, FWSVD, AFM, ASVD, and IMPACT across
various model sizes. As expected, larger models
exhibit lower throughput and higher memory con-
sumption across all methods. When model size is
held constant, all approaches demonstrate compa-
rable throughput and memory consumption. How-
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Figure 8: Throughput and memory consumption of com-
pressed models. Exact values are provided in Table 14.

ever, because IMPACT achieves similar accuracy at
smaller model sizes, it delivers higher throughput
and lower memory usage at equivalent accuracy lev-
els. In particular, compared to AFM—the strongest
baseline—IMPACT improves throughput by up to
41% and reduces memory use by up to 42%.

5 Conclusion

This paper introduces IMPACT, a principled frame-
work for low-rank model compression that explic-
itly links activation reconstruction to model per-
formance. In contrast to prior methods that ei-
ther compress weights directly or minimize acti-
vation reconstruction error, IMPACT guides acti-
vation reconstruction along directions most criti-
cal to model behavior. By formulating and solv-
ing a well-grounded optimization problem, we de-
rive a closed-form solution in which the optimal
reconstruction bases are the eigenvectors of an
importance-weighted activation covariance matrix.

Our empirical results across multiple LLMs and
multiple benchmarks demonstrate that IMPACT
consistently achieves greater compression—up
to 55.4% more than the state-of-the-art—while
maintaining similar accuracy. These findings not
only validate the theoretical underpinnings of our
method but also highlight its practical effectiveness
for real-world deployment.

8-bit FLAP
Model Size (GB) 6.74 5.39 4.72 4.04 3.37
GSM8K Acc (%) 66.0 53.4 39.1 22.7 7.4
MATH Acc (%) 20.3 13.5 7.2 4.4 1.0

8-bit AFM
Model Size (GB) 6.74 2.66 1.90 1.30 0.83
GSM8K Acc (%) 66.0 57.7 57.7 51.5 47.1
MATH Acc (%) 20.3 16.2 16.0 13.0 10.6

8-bit IMPACT
Model Size (GB) 6.74 2.40 1.67 1.19 0.75
GSM8K Acc (%) 66.0 59.5 57.7 56.8 50.6
MATH Acc (%) 20.3 16.5 15.8 15.9 13.4

Table 1: Pass@1 accuracy and model size of 8-bit-
quantized Llama 2-7B models compressed by FLAP,
AFM, and IMPACT for mathematical reasoning. The
results for 8-bit FLAP are taken from Li et al. (2025a).

8-bit FLAP
Model Size (GB) 13.02 10.41 9.11 7.81 6.51
GSM8K Acc (%) 72.7 59.1 53.2 16.0 0.0
MATH Acc (%) 21.8 13.9 9.9 5.6 0.0

8-bit AFM
Model Size (GB) 13.02 5.33 3.81 2.59 1.63
GSM8K Acc (%) 72.7 63.8 55.2 54.8 46.1
MATH Acc (%) 21.8 17.5 13.9 12.0 10.6

8-bit IMPACT
Model Size (GB) 13.02 4.87 3.58 2.28 1.49
GSM8K Acc (%) 72.7 65.4 61.8 58.5 50.9
MATH Acc (%) 21.8 17.6 16.9 16.2 14.2

Table 2: Pass@1 accuracy and model size of 8-bit-
quantized Llama 2-13B models compressed by FLAP,
AFM, and IMPACT for mathematical reasoning.

Model Variant Model Size (GB) Task Accuracy (%)

4-bit-quantized 7B 3.37
GSM8K 39.2
MATH 8.8

4-bit-QLoRA 7B 3.45
GSM8K 54.1
MATH 12.6

4-bit-quantized 13B 6.51
GSM8K 52.8
MATH 12.5

4-bit-QLoRA 13B 6.63
GSM8K 61.0
MATH 14.3

Table 3: Pass@1 accuracy and model size of Llama 2-
7B and -13B quantized using standard 4-bit quantization
and 4-bit QLoRA on the mathematical reasoning task.
Part of the results is taken from Li et al. (2025a).

IMPACT offers a general and extensible founda-
tion for future compression research. By establish-
ing a formal link between compression decisions
and performance outcomes, our work provides both
insight and actionable tools for efficient LLM de-
ployment—advancing the broader goal of making
powerful models more accessible and sustainable.

Limitations

This work establishes a connection between acti-
vation reconstruction and model performance, en-
abling performance-aware activation space recon-
struction for model compression. Model compres-
sion is a crucial topic in natural language process-
ing, influencing the deployment and applicability of
NLP models. We believe that our approach, which
links model design decisions to performance, has
the potential to extend beyond model compression
and be applied to other areas. We leave exploration
of this broader applicability to future work.
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A Theoretical Derivation

A.1 Mathematical Preliminaries
We first introduce key mathematical definitions
and properties that serve as the foundation for our
derivation.

Definition 1 (Differentiation Convention). For a
differentiable function ℓ(y) : Rn → R where y =
[y1, . . . , yn]

⊤ ∈ Rn, the derivative of ℓ with respect
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to y following the denominator-layout convention
is given by the row vector

∂ℓ

∂y
=

[
∂ℓ

∂y1
. . .

∂ℓ

∂yn

]

We maintain this convention throughout our
derivation.

Definition 2 (Hadamard Product). Given two
vectors p = [p1, . . . , pn]

⊤ ∈ Rn and q =
[q1, . . . , qn]

⊤ ∈ Rn, the Hadamard product
(element-wise product) is defined as

p⊙ q =



p1q1

...
pnqn


 ∈ Rn

Definition 3 (Orthogonality and Normalization).
Given column vectors ui,uj ∈ Rn, their orthogo-
nality and normalization properties are defined as
follows:

• Vectors ui and uj are orthogonal if their inner
product satisfies

u⊤
i uj = 0

• A vector ui is normalized if

u⊤
i ui = ∥ui∥2 = 1

Property 1 (QM-AM Inequality). For the set
{yi | yi ∈ R≥0, i = 1, · · · , n}, the arithmetic
mean (AM) and the quadratic mean (QM) are de-
fined as:

AM =
1

n

n∑

i=1

yi, QM =

√√√√ 1

n

n∑

i=1

y2
i

The QM-AM inequality states that: QM ≥ AM,
with equality if and only if y1 = · · · = yn.

Method 1 (Lagrange Multiplier Method). The La-
grange multiplier method determines the local ex-
trema of a function under explicit functional con-
straints. Given an objective function f : Rn → R
and a constraint function g : Rn → R, where the
constraint is given by g(x) = 0, the Lagrangian
function is defined as:

L(x, λ) = f(x) + λg(x)

where λ ∈ R is the Lagrange multiplier. The opti-
mal solution is obtained by solving the system of
equations:

d

dx
L(x, λ) = 0,

d

dλ
L(x, λ) = 0

A.2 Bounding Theorem

Theorem 1. Suppose the loss function ℓ is C1-
smooth and the activation dimension is d. Then the
objective function

f({uk}) = αE
[
∥y − ŷ∥2

]
+ βE

[
(ℓ(y)− ℓ(ŷ))2

]
(14)

is upper bounded by:

f({uk}) ≤ E




∥∥∥∥∥∥∥

√√√√βdE

[(
∂ℓ

∂y

)2
]⊤

+ α⊙ (y − ŷ)

∥∥∥∥∥∥∥

2


Proof. Performing Taylor expansion1 on the loss
function, we obtain:

ℓ(ŷ) ≈ ℓ(y) +
∂ℓ

∂y
(ŷ − y)

The higher-order terms (e.g., second-order terms
and beyond) are ignored because they are com-
putationally expensive to estimate and difficult to
capture accurately in practical applications. Plug-
ging this into Equation (14), we get the following
results:

f({uk}) ≈ αE
[
∥y − ŷ∥2

]
+ βE

[(
∂ℓ

∂y
(y − ŷ)

)2
]

= αE
[
∥y − ŷ∥2

]
+ βd2 E



(

∂ℓ
∂y (y − ŷ)

d

)2



= αE
[
∥y − ŷ∥2

]
+ βd2 E






∑d

i=1

(
∂ℓ
∂y

)
i
(y − ŷ)i

d




2


≤ αE
[
∥y − ŷ∥2

]
+ βd2 E






∑d

i=1

∣∣∣
(

∂ℓ
∂y

)
i
(y − ŷ)i

∣∣∣
d




2


Here, the subscript i denotes the i-th element of
a vector; for instance, (y − ŷ)i refers to the i-th
element of (y − ŷ), and yi and ŷi are the i-th ele-
ments of y and ŷ, respectively. The second term
corresponds to the square of the arithmetic mean
of d subterms, which can be upper bounded by the
square of their quadratic mean. By applying the
QM–AM inequality, we obtain:

1First-order Taylor approximations of the loss are widely
used to estimate the effect of small parameter or structural
perturbations in neural networks, due to their simplicity and
empirical performance. This formulation underlies many mod-
ern sensitivity-based compression and importance estimation
methods (Molchanov et al., 2017, 2019; Lee et al., 2019), and
our approach follows this established first-order practice.
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f({uk}) ≤ αE
[
∥y − ŷ∥2

]
+ βd2 E



∑d

i=1

(
∂ℓ
∂y

)2
i
(y − ŷ)2i

d




= αE
[
∥y − ŷ∥2

]
+ βdE

[(
∂ℓ

∂y

)2

(y − ŷ)2

]

≈ αE
[
∥y − ŷ∥2

]
+ βdE

[(
∂ℓ

∂y

)2
]
E
[
(y − ŷ)2

]

= α1⊤d E
[
(y − ŷ)2

]
+ βdE

[(
∂ℓ

∂y

)2
]
E
[
(y − ŷ)2

]

=

(
α1⊤d + βdE

[(
∂ℓ

∂y

)2
])

E
[
(y − ŷ)2

]

= E

[(
α+ βdE

[(
∂ℓ

∂y

)2
])

(y − ŷ)2

]

= E






√√√√βdE

[(
∂ℓ

∂y

)2
]
+ α




2

(y − ŷ)2




= E




d∑

i=1





√√√√βdE

[(
∂ℓ

∂y

)2
]
+ α




i

(y − ŷ)i




2



Finally, using the Hadamard product (Definition 2),
we get:

f({uk}) ≤ E




∥∥∥∥∥∥∥

√√√√βd E

[(
∂ℓ

∂y

)2
]⊤

+ α⊙ (y − ŷ)

∥∥∥∥∥∥∥

2


A.3 Activation Space Transformation
Theorem

Theorem 2. Applying the projection condition

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y]))

where the transformation coefficient a is

a =

√√√√√√√√(1− η)

E
[(

∂ℓ
∂y

)2]⊤

1
d
E
[∥∥∥ ∂ℓ

∂y

∥∥∥
2
] + η

and utilizing the activation transformation ỹ =
a⊙ (y − E[y]), the objective

h({uk}) = E

[∥∥∥∥∥

√√√√ (1−η)

1
d
E
[∥∥∥ ∂ℓ

∂y

∥∥∥
2
]E
[(

∂ℓ
∂y

)2]⊤
+ η ⊙ (y − ŷ)

∥∥∥∥∥

2]

becomes:

h({uk}) = E

[
ỹ⊤
(
I−

∑

k

uku
⊤
k

)
ỹ

]
(15)

Proof. Using the transformation coefficient a, the
upper bound function can be written as

h({uk}) = E
[
∥a⊙ (y − ŷ)∥2

]
(16)

Given the projection condition

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y]))

subtracting a ⊙ (y − E[y]) on both sides and, after
that, multiplying both sides with -1, we have

a⊙ (y − ŷ) =

(
I−

∑

k

uku
⊤
k

)
(a⊙ (y − E[y])) (17)

Combining Equations (16) and (17), we obtain:

h({uk}) = E

[∥∥∥∥∥

(
I−

∑

k

uku
⊤
k

)
(a⊙ (y − E[y]))

∥∥∥∥∥

2]

Given the transformed activation ỹ = a⊙ (y−E[y]),
the objective function can be rewritten as:

h({uk}) = E

[∥∥∥∥∥

(
I−

∑

k

uku
⊤
k

)
ỹ

∥∥∥∥∥

2]

= E
[
ỹ⊤
(
I−

∑

k

uku
⊤
k

)
·
(
I−

∑

k

uku
⊤
k

)
ỹ
]

= E
[
ỹ⊤
(
I− 2

∑

k

uku
⊤
k +

∑

i,j

uiu
⊤
i uju

⊤
j

)
ỹ
]

As {uk} are orthogonal vectors where uiu
⊤
j = 0

if i ̸= j, we obtain:

h({uk}) = E
[
ỹ⊤
(
I− 2

∑

k

uku
⊤
k +

∑

k

uku
⊤
k

)
ỹ
]

= E
[
ỹ⊤
(
I−

∑

k

uku
⊤
k

)
ỹ
]

A.4 Weighted Covariance Matrix
Theorem 3. The importance-weighted activation
covariance matrix C, given by C = E

[
ỹỹ⊤], is

equal to the Hadamard product of the activation co-
variance matrix Cov(y) and the gradient-informed
importance matrix M, i.e.,

C = Cov(y)⊙M

where

Cov(y) = E
[
(y − E[y])(y − E[y])⊤

]

M = aa⊤

Proof. As the importance-weighted activation co-
variance matrix C is given by C = E

[
ỹỹ⊤], plug-

ging the activation transformation ỹ = a⊙(y − E[y])
into this expression, matrix C can be written as:

C = E
[
(a⊙ (y − E[y])) (a⊙ (y − E[y]))⊤

]
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The (i, j)th element of C is:

Cij = E[ai(yi − E[yi]) · aj(yj − E[yj ])]

where ai, aj and yi and yj are the ith and jth ele-
ments of a and y, respectively. Since a is a deter-
ministic vector, the expectation becomes:

Cij = aiajE[(yi − E[yi]) · (yj − E[yj ])]

The term E[(yi − E[yi]) · (yj − E[yj ])] is the (i, j)th

element of the covariance matrix Cov(y), which is
given by:

Cov(y) = E
[
(y − E[y])(y − E[y])⊤

]

Thus,

Cij = aiajCov(y)ij

For the gradient-informed importance matrix M,
which is defined as M = aa⊤, we have Mij =
aiaj . Hence, the (i, j)th element of matrix C can
be expressed as

Cij = MijCov(y)ij

Therefore, the importance-weighted activation co-
variance matrix C is the Hadamard product of
the covariance matrix Cov(y) and the gradient-
informed importance matrix M:

C = Cov(y)⊙M

Corollary 1. The importance-weighted activation
covariance matrix C is positive semidefinite and
symmetric.

Proof. The gradient-informed importance matrix
M, which is given by M = aa⊤, is positive
semidefinite and symmetric. Similarly, the covari-
ance matrix Cov(y), which is given by

Cov(y) = E
[
(y − E[y])(y − E[y])⊤

]
,

is also positive semidefinite and symmetric. Ac-
cording to the Schur product theorem (Zhang,
2005), the Hadamard product of two positive
semidefinite matrices is also positive semidefinite.
Therefore, the importance-weighted activation co-
variance matrix C = M ⊙ Cov(y) is positive
semidefinite and symmetric.

A.5 Reconstruction Direction Theorem
Theorem 4. To minimize the objective h({uk})
under orthonormality constraints, the optimal kth

reconstruction direction uk is the eigenvector cor-
responding to the kth largest eigenvalue of the
importance-weighted activation covariance matrix
C.

Proof. Taking the partial derivative of the La-
grangian function with respect to each reconstruc-
tion direction uk and setting it to zero yields the
optimality condition:

∂L

∂uk
= −2u⊤

k C+ 2λku
⊤
k = 0

Rearranging this equation and taking the transpose
of both sides, we obtain:

C⊤uk = ukλk

Since the matrix C is symmetric (as established in
Corollary 1), we have C = C⊤. By substituting
this property, we arrive at:

Cuk = λkuk (18)

From the Equation (15), we get:

h({uk}) = E
[
ỹ⊤ỹ

]
− E

[
ỹ⊤∑

k

uku
⊤
k ỹ

]

= E
[
ỹ⊤ỹ

]
−
∑

k

E
[
ỹ⊤uku

⊤
k ỹ
]

= E
[
ỹ⊤ỹ

]
−
∑

k

E
[
u⊤
k ỹỹ

⊤uk

]

= E
[
ỹ⊤ỹ

]
−
∑

k

u⊤
k E
[
ỹỹ⊤

]
uk

As C = E
[
ỹỹ⊤],

h({uk}) = E
[
ỹ⊤ỹ

]
−
∑

k

u⊤
k Cuk

Further based on Equation (18),

h({uk}) = E
[
ỹ⊤ỹ

]
−
∑

k

u⊤
k ukλk

= E
[
ỹ⊤ỹ

]
−
∑

k

∥uk∥2λk

As ∥uk∥2 = 1,

h({uk}) = E
[
ỹ⊤ỹ

]
−
∑

k

λk

To minimize h({uk}), the term
∑

k λk must be
maximized. Since the importance-weighted acti-
vation covariance matrix C is symmetric and posi-
tive semidefinite, its eigenvalues are real and non-
negative. Therefore, the maximum value of

∑
k λk

is achieved when λk is the kth largest eigenvalue
of C, with uk its corresponding eigenvector.
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A.6 Activation Reconstruction Theorem
Theorem 5. The reconstructed activation ŷ, which
satisfies the projection condition

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y])) ,

is given by:

ŷ =
[
U⊘ (a · 1⊤

r )
] [

(U⊙ (a · 1⊤
r ))

⊤W
]
x

+ E[y] + (UU⊤ ⊙ (
1

a
· a⊤))(b− E[y])

where U = [u1, . . . ,ur], 1r is an r-dimensional
column vector of ones, W and b are the original
layer’s weight matrix and bias, x is the input ac-
tivation, and ⊘ denotes element-wise (Hadamard)
division.

Proof. Rearranging the projection condition

a⊙ (ŷ − E[y]) =

(∑

k

uku
⊤
k

)
(a⊙ (y − E[y])) ,

we obtain
a⊙ (ŷ − E[y]) =

∑

k

uku
⊤
k (a⊙ (y − E[y]))

=
∑

k

uk(uk ⊙ a)⊤(y − E[y]))

Applying the Hadamard division ⊘a to both sides
of the equation leads to:

ŷ − E[y] =
∑

k

uk(uk ⊙ a)⊤(y − E[y])⊘ a

Since (uk ⊙ a)⊤ is a row vector and (y − E[y]) is a
column vector, (uk ⊙ a)⊤(y − E[y]) is a scalar, we
have

ŷ = E[y] +
∑

k

(uk ⊘ a)(uk ⊙ a)⊤(y − E[y])

Rewriting the equality, we obtain:

ŷ = [u1 ⊘ a, . . . ,ur ⊘ a] [u1 ⊙ a, . . . ,ur ⊙ a]⊤ (y − E[y])
+ E[y]

= E[y] + (U⊘ (a · 1⊤
r ))(U⊙ (a · 1⊤

r ))
⊤(y − E[y])

where U = [u1, . . . ,ur]. Incorporating the original
activation y = Wx+ b, we obtain:

ŷ = E[y]+(U⊘(a ·1⊤
r ))(U⊙(a ·1⊤

r ))
⊤(Wx+b−E[y])

Expanding the expression, the reconstructed activa-
tion satisfies:

ŷ =
[
U⊘ (a · 1⊤

r )
] [

(U⊙ (a · 1⊤
r ))

⊤W
]
x

+ E[y] + (U⊘ (a · 1⊤
r ))(U⊙ (a · 1⊤

r ))
⊤(b− E[y])

=
[
U⊘ (a · 1⊤

r )
] [

(U⊙ (a · 1⊤
r ))

⊤W
]
x

+ E[y] + (UU⊤ ⊙ (
1

a
· a⊤))(b− E[y])

B Additional Results

B.1 Visualization and Analysis of the
Importance Matrix

To understand how IMPACT achieves importance-
aware compression, we analyze the structure and
statistics of the gradient-informed importance ma-
trix M, offering empirical insight into its role in
preserving performance-critical components.

We visualize the structure of M in four rep-
resentative layers—two MLP and two attention—
using the heatmaps in Figure 9, where darker en-
tries indicate greater importance for interactions
between activation dimensions. Across layers, M
displays concentrated regions of high intensity, re-
vealing that IMPACT emphasizes a sparse sub-
set of directions rather than treating all dimen-
sions equally. This selective weighting is cen-
tral to IMPACT’s design: by constructing the
importance-weighted activation covariance matrix
C = Cov(y)⊙M, the resulting eigendecomposi-
tion prioritizes performance-critical directions dur-
ing compression.

Complementing the structural visualization, Fig-
ure 10 presents the distribution of values in M for
the same layers. These histograms, plotted on a
log scale, reveal highly skewed distributions. Al-
though most entries in M are small, a long tail
of large values persists. For instance, in "lay-
ers.25.mlp.up_proj", the median of the entries is
0.77, the mean is 0.89, the 99th percentile reaches
2.95, and the maximum is close to 80. These values
quantify the relative importance of preserving in-
teractions between activation dimensions, as deter-
mined by their gradient sensitivity during profiling.
The long-tailed distribution indicates that IMPACT
selectively amplifies a small subset of critical in-
teractions. This pattern is consistent across layers
and mirrors the sparsity observed in the heatmaps,
reinforcing the model’s emphasis on performance-
relevant components.

B.2 Ablation Study on η

We analyze the effect of the hyperparameter
η, which balances the reconstruction error and
gradient-informed importance weighting in Equa-
tion (3). Table 4 reports results on Llama 2-7B
across different compression ratios. We vary η ∈
{0, 0.25, 0.5, 0.75} and observe that performance
remains relatively stable across this range. In partic-
ular, moderate values of η generally achieve strong
results across both GSM8K and MATH.
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Figure 9: Heatmaps of the importance matrix M for four representative layers in Llama 2-7B on the mathematical
reasoning task (with η = 0.5). High-intensity rows and columns indicate rare yet important activation dimensions
that IMPACT identifies via gradient-based weighting and prioritizes during compression.
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Figure 10: Log-scale histograms of values in the importance matrix M (with η = 0.5) for four representative layers
of Llama 2-7B on the mathematical reasoning task.
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k Metric η = 0.75 η = 0.5 η = 0.25 η = 0

50% GSM8K Acc (%) 61.3 61.2 62.9 58.4
MATH Acc (%) 17.9 17.7 17.3 15.5

60% GSM8K Acc (%) 64.8 63.7 64.5 62.5
MATH Acc (%) 19.2 18.4 19.4 18.1

70% GSM8K Acc (%) 65.0 63.7 63.5 65.3
MATH Acc (%) 18.9 19.4 18.6 19.7

Table 4: Ablation study on the hyperparameter η un-
der different keeping ratios k. Results are reported on
Llama 2-7B using GSM8K and MATH.

Method Time (Hours) Peak GPU Memory (GB)

IMPACT 1.53 66.9
AFM 1.17 60.8
ASVD 135.83 28.6

Table 5: Profiling cost comparison for Llama 2-13B
across compression methods. All the methods are run
on a single NVIDIA A100 GPU.

B.3 Profiling and Generalizability

Profiling. We note that the entire profiling pro-
cess fits comfortably on a single GPU, requir-
ing no multi-GPU setup. Using only 1% of
MetaMathQA (Yu et al., 2024) and 3% of Code-
Instructions-120K-Alpaca (Bisht, 2023) as calibra-
tion data, profiling completes in under two hours
on a single NVIDIA A100 GPU for 13B models.
Table 5 compares the profiling cost of IMPACT
and baseline methods for compressing Llama 2-
13B on the mathematical reasoning task. As shown
in the table, IMPACT incurs only a modest addi-
tional overhead compared to AFM. This increase
in profiling cost arises from the extra backward
pass required to compute gradient-based impor-
tance statistics, which slightly increases both run-
time and peak memory usage. In contrast, ASVD
requires significantly longer profiling time. This is
because ASVD performs a binary search to deter-
mine the truncation rank for each layer, repeatedly
evaluating model performance for different candi-
date ranks. As a result, the procedure requires a
substantially larger number of forward passes, lead-
ing to orders-of-magnitude longer profiling time
despite lower peak GPU memory usage.

We analyze the method’s sensitivity to calibra-
tion data size. We find that using only 1% of Meta-
MathQA or 3% of Code-Instructions-120K is suf-
ficient for convergence. IMPACT is intentionally
distribution-dependent: the profiling statistics are
expectations over the calibration data, designed to
maximize performance on the target domain.

Generalizability. IMPACT makes no model-

SVD
Model Size (Billion) 6.74 5.03 3.18 1.73 1.11 0.56

GSM8K Acc (%) 66.4 63.0 61.0 53.9 32.9 11.9
MATH Acc (%) 20.6 18.3 17.4 13.7 5.3 2.8

FWSVD
Model Size (Billion) 6.74 4.79 2.95 1.54 0.96 0.47

GSM8K Acc (%) 66.4 62.7 62.5 56.5 1.5 1.9
MATH Acc (%) 20.6 19.2 17.6 14.2 1.8 1.5

ASVD
Model Size (Billion) 6.74 4.09 3.43 2.77 1.45 0.79

GSM8K Acc (%) 66.4 61.9 60.9 59.7 50.5 29.1
MATH Acc (%) 20.6 18.7 18. 7 17.3 12.6 5.2

AFM
Model Size (Billion) 6.74 3.62 2.66 1.90 1.30 0.83

GSM8K Acc (%) 66.4 62.8 62.6 61.5 57.8 49.7
MATH Acc (%) 20.6 19.5 18.5 17.6 16.3 12.0

IMPACT
Model Size (Billion) 6.74 3.11 2.40 1.67 1.19 0.75

GSM8K Acc (%) 66.4 65.3 64.5 62.9 60.2 52.8
MATH Acc (%) 20.6 19.7 19.4 17.3 17.2 14.1

Table 6: Pass@1 accuracy and model size of Llama 2-
7B compressed by various algorithms for the mathemat-
ical reasoning task. The results for SVD and FWSVD
are taken from Li et al. (2025a).

SVD
Model Size (Billion) 13.02 9.70 6.10 3.27 2.07 1.01

GSM8K Acc (%) 72.7 69.5 63.5 50.0 26.9 6.7
MATH Acc (%) 22.2 20.8 17.8 10.8 5.2 2.2

FWSVD
Model Size (Billion) 13.02 9.24 5.67 2.93 1.79 0.83

GSM8K Acc (%) 72.7 67.9 63.9 51.9 2.4 3.9
MATH Acc (%) 22.2 20.3 18.0 12.4 1.2 1.9

ASVD
Model Size (Billion) 13.02 7.87 6.56 4.03 2.73 1.45

GSM8K Acc (%) 72.7 63.6 61.0 56.2 50.6 25.9
MATH Acc (%) 22.2 17.7 17.4 14.0 12.0 5.6

AFM
Model Size (Billion) 13.02 9.63 5.33 3.81 2.59 1.63

GSM8K Acc (%) 72.7 70.9 66.4 65.7 60.8 47.2
MATH Acc (%) 22.2 20.9 18.5 18.0 16.3 13.3

IMPACT
Model Size (Billion) 13.02 8.66 4.87 3.58 2.28 1.49

GSM8K Acc (%) 72.7 70.2 69.3 65.3 61.2 54.8
MATH Acc (%) 22.2 21.2 19.4 18.6 17.7 15.2

Table 7: Pass@1 accuracy and model size of Llama 2-
13B compressed by various algorithms for the math-
ematical reasoning task. The results for SVD and
FWSVD are taken from Li et al. (2025a).

specific assumptions. The closed-form solution de-
pends strictly on activation covariance and gradient-
based importance signals that are generic to all
Transformer architectures. As such, the framework
is inherently applicable to diverse modern LLMs.

B.4 Additional Tables

Tables 6–9 report the precise Pass@1 accuracy and
compressed model sizes corresponding to the per-
formance curves plotted in Figures 2–5. They cover
both Llama 2 (mathematical reasoning) and CodeL-
lama (code generation) across 7B and 13B.

To quantify compression gains, we compare IM-
PACT with the smallest baseline model that attains
equivalent accuracy. Detailed size reductions are
reported in Tables 10 and 11 for Llama 2-7B and
-13B, respectively, and in Tables 12 and 13 for
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CodeLlama-7B and -13B, respectively. Table 14
reports the inference throughput and memory con-
sumption of the compressed models.

SVD
Model Size (Billion) 6.74 6.14 3.13 2.37 1.69 1.09

HumanEval Acc (%) 45.1 37.8 27.4 14.0 9.8 3.0
MBPP Acc (%) 59.8 54.8 46.8 35.7 19.6 6.1

FWSVD
Model Size (Billion) 6.74 4.77 2.94 2.19 1.54 0.96

HumanEval Acc (%) 45.1 28.7 22.6 20.1 9.1 3.7
MBPP Acc (%) 59.8 54.8 44.2 36.2 23.8 9.5

ASVD
Model Size (Billion) 6.74 4.10 3.43 2.77 2.11 1.45

HumanEval Acc (%) 45.1 27.4 26.8 22.6 14.6 5.5
MBPP Acc (%) 59.8 51.9 44.7 43.9 32.3 16.1

AFM
Model Size (Billion) 6.74 3.76 2.81 2.04 1.42 0.92

HumanEval Acc (%) 45.1 31.7 25.6 19.5 4.9 4.9
MBPP Acc (%) 59.8 49.5 49.2 43.1 26.7 12.2

IMPACT
Model Size (Billion) 6.74 3.58 2.64 1.90 1.30 0.84

HumanEval Acc (%) 45.1 33.5 27.4 23.2 11.0 4.9
MBPP Acc (%) 59.8 51.6 49.7 42.6 28.0 16.4

Table 8: Pass@1 accuracy and model size of
CodeLlama-7B compressed with various low-rank algo-
rithms on the code generation task. The results for SVD
and FWSVD are taken from Li et al. (2025a).

SVD
Model Size (Billion) 13.02 9.54 5.94 4.47 3.16 1.77

HumanEval Acc (%) 52.4 36.6 28.0 18.3 14.6 1.8
MBPP Acc (%) 63.0 58.2 49.7 47.4 30.7 1.3

FWSVD
Model Size (Billion) 13.02 9.17 5.29 4.14 2.30 1.76

HumanEval Acc (%) 52.4 38.4 29.3 21.3 13.4 2.4
MBPP Acc (%) 63.0 57.7 46.6 44.7 23.0 4.5

ASVD
Model Size (Billion) 13.02 9.16 5.32 4.01 2.73 1.45

HumanEval Acc (%) 52.4 28.7 19.5 20.1 6.1 4.3
MBPP Acc (%) 63.0 53.4 44.2 38.9 29.4 10.3

AFM
Model Size (Billion) 13.02 9.68 5.45 3.96 2.74 1.75

HumanEval Acc (%) 52.4 43.3 34.8 21.3 14.6 6.1
MBPP Acc (%) 63.0 59.8 51.3 43.4 31.2 19.0

IMPACT
Model Size (Billion) 13.02 9.61 5.16 3.71 2.44 1.66

HumanEval Acc (%) 52.4 47.6 34.1 20.7 15.2 8.5
MBPP Acc (%) 63.0 61.6 51.3 45.5 31.7 25.9

Table 9: Pass@1 accuracy and model size of
CodeLlama-13B compressed with various low-rank al-
gorithms on the code generation task. The results for
SVD and FWSVD are taken from Li et al. (2025a).

GSM8K

Best Baseline2

(with Same Acc.)
Model Size (Billion) 6.74 5.76 5.12 3.75 1.69 1.02

IMPACT
Model Size (Billion) 6.74 3.11 2.40 1.67 1.19 0.75

Size Reduction (%) - 46.0 53.2 55.4 29.8 25.7

MATH

Best Baseline2

(with Same Acc.)
Model Size (Billion) 6.74 4.15 3.51 1.77 1.71 1.06

IMPACT
Model Size (Billion) 6.74 3.11 2.40 1.67 1.19 0.75

Size Reduction (%) - 25.0 31.7 5.6 30.5 28.7

Table 10: Size reduction of IMPACT compared to the
best baseline at matched accuracy for Llama 2-7B on
the mathematical reasoning task.

GSM8K

Best Baseline2

(with Same Acc.)
Model Size (Billion) 13.02 8.97 8.10 3.70 2.69 2.17

IMPACT
Model Size (Billion) 13.02 8.66 4.87 3.58 2.28 1.49

Size Reduction (%) - 3.5 39.8 3.3 15.0 31.2

MATH

Best Baseline2

(with Same Acc.)
Model Size (Billion) 13.02 10.33 6.91 5.44 3.59 2.25

IMPACT
Model Size (Billion) 13.02 8.66 4.87 3.58 2.28 1.49

Size Reduction (%) - 16.2 29.4 34.2 36.5 33.7

Table 11: Size reduction of IMPACT compared to the
best baseline at matched accuracy for Llama 2-13B on
the mathematical reasoning task.

HumanEval

Best Baseline2

(with Same Acc.)
Model Size (Billion) 6.74 4.16 3.09 2.51 1.65 1.09

IMPACT
Model Size (Billion) 6.74 3.58 2.64 1.90 1.30 0.84

Size Reduction (%) - 13.8 14.4 24.2 21.0 23.1

MBPP

Best Baseline2

(with Same Acc.)
Model Size (Billion) 6.74 4.07 3.82 2.02 1.47 1.06

IMPACT
Model Size (Billion) 6.74 3.58 2.64 1.90 1.30 0.84

Size Reduction (%) - 12.0 30.7 6.1 11.1 21.1

Table 12: Size reduction of IMPACT compared to the
best baseline at matched accuracy for CodeLlama-7B
on the code generation task.

HumanEval

Best Baseline2

(with Same Acc.)
Model Size (Billion) 13.02 11.25 5.38 3.85 2.72 2.03

IMPACT
Model Size (Billion) 13.02 9.61 5.16 3.71 2.44 1.66

Size Reduction (%) - 14.6 3.9 3.7 10.2 18.1

MBPP

Best Baseline2

(with Same Acc.)
Model Size (Billion) 13.02 11.55 5.45 4.32 2.79 2.31

IMPACT
Model Size (Billion) 13.02 9.61 5.16 3.71 2.44 1.66

Size Reduction (%) - 16.9 5.3 14.2 12.5 28.0

Table 13: Size reduction of IMPACT compared to the
best baseline at matched accuracy for CodeLlama-13B
on the code generation task.

SVD
Model Size (Billion) 6.74 5.03 3.18 1.73 1.11 0.56

Throughput (Token/s) 261.74 321.71 373.47 489.00 545.19 607.92
Memory (GB) 29.26 22.73 15.34 9.75 6.90 4.70

FWSVD
Model Size (Billion) 6.74 4.79 2.95 1.54 0.96 0.47

Throughput (Token/s) 261.74 341.30 402.54 506.01 553.89 639.70
Memory (GB) 29.26 21.93 14.56 9.04 6.62 4.38

AFM
Model Size (Billion) 6.74 3.62 2.66 1.90 1.30 0.83

Throughput (Token/s) 261.74 344.59 414.04 470.98 538.42 566.43
Memory (GB) 29.26 17.03 13.24 10.21 7.70 5.76

IMPACT
Model Size (Billion) 6.74 3.11 2.40 1.67 1.19 0.75

Throughput (Token/s) 261.74 414.03 445.16 505.74 568.04 616.01
Memory (GB) 29.26 14.99 12.21 9.25 7.25 5.41

Table 14: Throughput and memory consumption of
compressed models. The results for SVD and FWSVD
are taken from Li et al. (2025a).

2The best baseline refers to the smallest model among
SVD, FWSVD, ASVD, and AFM that achieves accuracy
matched to IMPACT. If no baseline exactly matches the ac-
curacy, the model size is interpolated linearly between two
adjacent compression points.
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