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Abstract

Large Language Models (LLMs) have enabled
remarkable progress in natural language pro-
cessing, yet their high computational and mem-
ory demands pose challenges for deployment in
resource-constrained environments. Although
recent low-rank decomposition methods offer
a promising path for structural compression,
they often suffer from accuracy degradation,
expensive calibration procedures, and result
in inefficient model architectures that hinder
real-world inference speedups. In this paper,
we propose FLAT-LLM, a fast and accurate,
training-free structural compression method
based on fine-grained low-rank transformations
in the activation space. Specifically, we re-
duce the hidden dimension by transforming
the weights using truncated eigenvectors com-
puted via head-wise Principal Component Anal-
ysis, and employ a greedy budget redistribution
strategy to adaptively allocate ranks across de-
coders. FLAT-LLM achieves efficient and ef-
fective weight compression without recovery
fine-tuning, which could complete the calibra-
tion within a few minutes. Evaluated across
5 models and 11 datasets, FLAT-LLM outper-
forms structural pruning baselines in general-
ization and downstream performance, while
delivering inference speedups over low-rank-
based methods. '

1 Introduction

Large Language Models (LLMs) have achieved
state-of-the-art performance in a wide range of
natural language processing and understanding
tasks (Bai et al., 2023; Liu et al., 2024; Touvron
et al., 2023). However, their substantial parameter
counts and computational demands pose signifi-
cant challenges for deployment in edge devices
and resource-constrained environments. Model
compression is a promising direction for reducing
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Figure 1: Comparison of WikiText-2 perplexity against
various baselines on Llama-2 13B model.

both the model size and computational complex-
ity, with popular approaches including quantiza-
tion (Huang et al., 2024; Tian et al., 2023), knowl-
edge distillation (Sun et al., 2020; Jiao et al., 2020),
pruning (Sun et al., 2024; Ma et al., 2023; Yang
et al., 2025), and low-rank decomposition (Ashk-
boos et al., 2024; Yang et al., 2024a). Among these,
low-rank decomposition stands out for its hardware
efficiency due to its structural nature.

Singular Value Decomposition (SVD) is a com-
mon low-rank decomposition approach for com-
pressing the weight matrices of LLMs. How-
ever, weights from standard pre-training are of-
ten nearly full-rank and difficult to compress (Yu
and Wu, 2023). To address this, recent work uses
the low-rank nature of activation spaces by pro-
jecting weights into these subspaces to improve
the compression ratio. For example, ASVD (Yuan
et al., 2023) uses activation norms to transform
the weights before decomposition, and SVD-LLM
(Wang et al., 2024) enhances the accuracy by link-
ing truncated singular values to reconstruction loss.

Despite recent improvements, SVD-based meth-
ods often incur performance drops and require re-
covery fine-tuning, even under low compression
ratios. This stems from a key limitation: preserving
sufficient information via high-rank SVD increases
model parameters, as both left and right singular
vectors must be stored. The problem is especially
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Figure 2: Decoder structure before (left) and after (right) weight truncation. Orange blocks indicate truncated
weights; hatched areas show removed weights; blue boxes denote non-linear functions.

severe for square matrices (which are common in
LLMs like Llama), where reducing parameters re-
quires truncating at least 50% of singular values,
often leading to significant information loss. More-
over, replacing a single large matrix multiplication
with two smaller ones in SVD-format linear lay-
ers can degrade GPU efficiency, limiting practical
inference speedups.

To address the inherent limitations of SVD,
SliceGPT (Ashkboos et al., 2024) projects post-
RMSNorm hidden states into low-rank subspaces
using Principal Component Analysis (PCA), en-
abling the resulting eigenvector pairs to be fully
absorbed into adjacent layers. However, to en-
able this transformation between decoder layers,
SliceGPT requires inserting adapter modules along
the residual paths, which bring high memory over-
head and limit the inference speedup. For example,
on Llama-2 7B, SliceGPT incur 10% additional
memory overhead at a 20% compression ratio, and
yields only 1.1x speedup in inference at a 50%
compression ratio.

To further enhance the performance of low-rank
compressed models, prior works have introduced
rank-adaptive methods that allocate heterogeneous
ranks across different model components. For ex-
ample, Adaptive SVD (Gao et al., 2024b) employs
a trainable hypernetwork to determine layer-wise
ranks, achieving higher compression efficiency
than uniform baselines but at the cost of task-
specific retraining. However, this approach re-
quires weeks on LLaMA-7B, making it impractical
and highly inefficient for scaling to larger mod-
els such as LLaMA-70B. MoDeGPT (Lin et al.,
2024) adopts an importance-score-based sparsity
allocation scheme with entropic regularization for
smoothing, but it demands extensive hyperparame-

ter tuning to obtain competitive performance.

To overcome the challenges mentioned above,
we propose FLAT-LLM, a fast, accurate, and
training-free structural compression method for
LLMs. Figure 2 illustrates the decoder architec-
ture before and after applying FLAT-LLM com-
pression. FLAT-LLM projects the post-value hid-
den states into low-rank subspaces using fine-
grained, head-wise PCA. The resulting low-rank
eigenvector pairs are then absorbed into the value
and output weight matrices to complete the com-
pression. Unlike previous approaches, this joint
absorption-based compression introduces no ad-
ditional memory overhead, and the overall com-
pression ratio directly corresponds to the retained
rank ratio. To further improve performance, we
introduce an importance-preserving rank selec-
tion algorithm. This algorithm is entirely tuning-
free and completes within seconds, achieving over
100x higher time efficiency compared to Adaptive
SVD (Gao et al., 2024b), and consistently outper-
forming MoDeGPT’s rank selection strategy. Our
main contributions are as follows:

* We propose a training-free, fine-grained compres-
sion technique that operates within multi-head
attention layers, avoiding the inefficiencies of
prior decomposition-based methods.

* We introduce a novel training-free rank selection
algorithm that allocates ranks using a greedy re-
distribution strategy and can be integrated with
existing low-rank LLM compression pipelines.

* We demonstrate the effectiveness of FLAT-LLM
through extensive evaluations on language mod-
eling and downstream tasks. As shown in Fig-
ure 1, FLAT-LLM significantly improves per-
plexity on the WikiText-2 test split across a range
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of compression ratios, indicating enhanced text
generation capabilities under varying levels of
compression.

2 Related Work

In addition to structural pruning via weight decom-
position (as discussed in the introduction), another
line of research achieves structural compression by
directly removing model components based on im-
portance scores. These approaches can be broadly
categorized into two types: fine-grained pruning
and coarse-grained pruning. The former offers
fine-grained control by removing individual rows
or columns within weight matrices. For example,
LLM-Pruner (Ma et al., 2023) leverages gradient-
based saliency scores to prune less important com-
ponents, while FLAP (An et al., 2024) adaptively
removes unstable neurons and channels based on
activation fluctuations.

In contrast, the coarse-grained pruning elimi-
nates larger components such as attention heads,
layers, or entire decoders. Though more efficient
for inference, this often results in greater per-
formance degradation. For instance, ShortGPT
(Men et al., 2024) prunes decoders based on co-
sine similarity-based importance ranking; LaCo
(Yang et al., 2024b) compresses models by merg-
ing adjacent layers; and BlockPruner (Zhong et al.,
2024) removes redundant MHA or MLP blocks
through iterative search. In this work, we demon-
strate that our method outperforms both fine- and
coarse-grained structural pruning baselines in terms
of performance under compression.

3 Background

Multi-Head Attention. A typical LLM consists
of multiple decoder layers, each comprising two
main components: Multi-Head Attention (MHA)
and a Multi-Layer Perceptron (MLP). We define
the input hidden states X € RV*@id where N de-
note the sequence length, and dj,;4, dj, represent the
dimension of hidden states and each attention head,
respectively. Here, the MHA module computes a
weighted aggregation of values using learned pro-
jections of queries, keys, and values. For a total of
H attention heads, each head h performs:

AP XWEH(XWET)T
Vdp ’ (1)
Y = Softmax(A")XWhT

where W;‘, WZ, W/ ¢ Rnxdnid are the projec-
tion matrices in query, key and value layer in head
h. The attention matrix A" € RV*N captures
token-wise interactions, and the Softmax function
is applied to compute attention scores, which are
then used to weight the value representations. The
result Y/ € RV > represents the per-head value
output. This is is further transformed by a learned
output projection W? ¢ RniaxXdn  yielding the
partial attention output Yf} € RN*dnid The final
output of the multi-head attention layer is then ob-
tained by aggregating the partial outputs from all
heads:

Y" = Softmax(A" )XW TWhT,

Y, =sum(Y),..., Y7). @)
Principle Component Analysis (PCA). Princi-
pal Component Analysis (PCA) is a classical di-
mensionality reduction technique that identifies the
the principal components along which the data ex-
hibit the greatest variance. Given a data matrix
Z € RV*4 PCA computes the eigen decomposi-
tion of the covariance matrix C:

C=7Z"7Z=QAQ", (3)

where Q € R%*4 is the orthogonal matrix of eigen-
vectors, and A € R%*? is the diagonal matrix of
corresponding eigenvalues. To capture the most
significant variance, we retain the top-r principal
components and define Q € R as the truncated
eigenvector matrix. The corresponding rank-r re-
construction of the original data is defined as pro-
jecting Z onto the rank-r space and then mapping
it back to the original space:

Z=17QQ". 4

PCA thus reveals low-rank structure in weight ma-
trices or hidden representations, enabling efficient
approximations with minimal loss of information.

4 FLAT-LLM

In this section, we present FLAT-LLM in detail, be-
ginning with a head-wise PCA-based weight trun-
cation method that compresses weight matrices by
truncating and absorbing the eigenvectors. We then
introduce an importance-preserving rank selection
strategy to allocate adaptive ranks across decoder
layers. Finally, we conduct a theoretical analysis of
the truncation loss in our head-wise PCA method.

2990



@ Truncation

Linear
@ Mapping

Figure 3: Fine-grained head-wise PCA in value layer.

4.1 Head-wise PCA-based Weight Truncation

Inspired by Equation (2), we observe that the value
and output projections within each attention head
are computed consecutively. Leveraging this obser-
vation, we propose to exploit the low-rank activa-
tion space of the value output to jointly compress
the value and output weight matrices.

As shown in Figure 3, the detail compression
process with M calibration samples are given in
three steps: (1) Compute the covariance matrix
Cch =M Yk TY!  and perform PCA to
obtain the orthogonal eigenvector Q! € R *dn
utilizing Equation (3). (2) Truncate the eigenvec-
tors to rank 7, yielding reduced basis QZ € RanxT
and the reconstructed per-head value output be-
comes ?LL = YZQZLQZLT (3) To compress the
weights by absorbing the truncated eigenvectors,
we reformulate the MHA computation in Equation
(2) as the following:

" = Softmax(A")XW!'TQIQITW!T (5)

This enables the jointly compression on the value
and output weights using the PCA basis derived
from the value layer:

Y = Softmax(A")XW'TQQITW!T,

N s (6)
Y = Softmax(A")XWHTWIT

where the first and second equations represent
the truncation and absorption. Here, we aim for
Q'Q!'" ~ I" to retain most of the representa-
tional power of the original Y. After absorb-
ing the truncated basis into the weights, the value
and output projections of each head are reduced to
W/ e R >dhia, Wh e Rniax" | respectively.

In this way, we can jointly compress both the
value and output weights to - of their original

size leveraging the low-rank structure of the output
hidden states from the value layer. Notably, this
joint compression technique remains compatible
with modern architectures using Grouped-Query
Attention (GQA) (Ainslie et al., 2023), resulting in
different numbers of value and output heads. The
detailed formulation for the GQA case is provided
in Appendix A.

Additionally, although the query and key pro-
jections cannot be jointly compressed in the same
manner as the value and output weight matrices,
head-wise PCA can still be applied to them inde-
pendently. Specifically, we follow the same three-
step head-wise PCA procedure illustrated in Fig-
ure 3. The reconstructed query and key outputs for
head h can be written as

Yo =YQuQp' Y =YiQiQiT. ()

Accordingly, the compressed query and key projec-
tion matrices are given by

=QywWy'.  Wi=Qiwil. ®)
Since the reduced basis Q" € R%*" is Hx is
significantly smaller than the corresponding com-
pressed projection matrices Wh € R™*id | per-
forming head-wise PCA on the query and key pro-
jections leads to substantially lower approximation

error than applying a full-matrix low-rank decom-
position at the same sparsity level.

4.2 Importance-Preserving Rank Selection

In our experiments, we observed that using a uni-
form rank across all layers degrades performance,
particularly under high compression ratios. We first
analyze the cosine similarity between each decoder
layer’s input and output hidden states, and reveal
that the intrinsic dimensionality varies across lay-
ers. Motivated by this observation, we propose
a decoder-wise rank selection algorithm that em-
ploys a greedy redistribution strategy to adaptively
allocate ranks based on their relative importance.
To analyze variations in intrinsic dimension
across decoder layers, we compute the cosine sim-
ilarity between the input and output hidden states
of each decoder. Given a model with L decoder
layers, let X; and X, denote the input and out-
put hidden state matrices of the I-th decoder layer,
respectively. For each sample p € {1,..., N}, the
cosine similarity ¢;;, between the corresponding
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Algorithm 1 Importance-Preserving Rank Selec-
tion
Require: Sparsity s, number of decoders L, im-
portance scores t
1: Initialize total budget B < L(1 — s), active
set A<« {1,...,L}
2: while A # () do
3 W= %-Bforalll cA
jEAYI
4 LetS«+ {le A|w > 1}
5: if S = () then > Assign all remain entries
6
7
8
9

wy; < w; foralll € A

break
end if
: foralll € Sdo  © Assign fixed entries
10: wp 1
11: B+ B—uw
12: end for
13: A—A\S > Remove fixed entries

14: end while

15: return w > Final allocation

rows of X; and X, is defined as:

Xl,pTXHLp
HXl,pH2 HXHLsz’

(&)

Clp =

where X, and X, represent the p-th row of
X; and X, 1, respectively. The average cosine
similarity for the [-th decoder layer is then given
by ¢; = Ex ¢y ), reflecting the overall alignment
between input and output hidden states.

To quantify the degree of dissimilarity and
thereby infer the intrinsic dimension, we compute
t; = =22 which captures the normalized an-
gular deviation between the representations. We
interpret ¢; as an indicator of the relative impor-
tance and compressibility of each decoder layer.
From empirical evaluations on several LLMs, we
observe that ¢; typically ranges from 0.06 to 0.30.
This leads to two key insights: (1) intrinsic dimen-
sionality varies across layers, motivating the use of
heterogeneous rank assignments; and (2) the small
angular deviations suggest that decoder layers of-
ten reside in low-dimensional subspaces, indicating
that LLMs are amenable to compression.

Given the model sparsity as s, to determine the
remaining rank ratios w; for [-th decoder regard-
ing the importance score ¢;, a naive way is to pro-
portional scale the total budget of remaining rank
ratios B = L(1 — s), which gives w; = ZLtl B.

t
1=1u
However, this naive proportional allocation may
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Figure 4: Remaining rank ratio versus layer id computed
with Algorithm 1. The average remaining ratio is set
between 30% (lowest solid) to 90% (highest solid).

violate the w; € [0, 1] constraint when some com-
ponents receive disproportionately high scores. In
order to design w; regarding the importance score
t;, while fit each w; within the constraint and fix
the total budget for remaining size as ), w; = B,
the objective of our rank selection algorithm can
be defined as:

Ming,c (o je]|W = W[, .. ) Jw; =B, (10)
l

where w = [wq, -+ ,wr] and W = [wWy, - , W]
are vectors constructed by the ratios w; and w; in
each decoders.

To address this, we implement a greedy redistri-
bution strategy, as shown in Algorithm 1. First, we
define a variable w; to represent the proportional
scaled ratios w; when the budget B is changing dur-
ing the rank selection process. Given an active set
A that contains the indices of unassigned remain-
ing rank ratios, we iteratively compute w; in the
active set with latest budget B, clip w; that exceed
the upper bound as 1, update the total budget B,
and remove the clipped entries from the active set.
This process continues until all elements has been
assigned a remaining rank ratios w;. In this way,
the resulting solution w; remains proportional to
t; where possible, while ensuring the boundedness
and budget feasibility.

Figure 4 illustrates the remaining rank ratios
across the decoder blocks of Llama-2 7B under
different average remaining ratios (from 40% to
90%) determined by the IPRS algorithm. The gray
dashed curve represents the normalized importance
scores t that guide the optimization process, while
the colorful solid lines show the remaining rank
ratio w under multiple sparsity ratio s € [0.1, 0.6].
As shown, the resulting rank allocations are non-
uniform and adaptively preserve more capacity in
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layers with higher importance. Additional visual-
izations of the rank distributions produced by IPRS
on other models are provided in Appendix D.4.

4.3 Truncation Error Analysis

In the following, we provide the theoretical proof of
the direct correspondence between eigenvalues and
truncation loss in both single-head and multi-head
cases, which guarantees the effectiveness of our
method. The detailed derivations are presented in
Appendix B.1. We also include an empirical com-
parison of reconstruction errors in Appendix B.2
with SVD-LLM to further demonstrate the advan-
tage of our head-wise PCA for the attention block.

As described in Section 4.1, to compress the
value layer, we perform PCA on its feature covari-
ance and project onto a low-rank subspace:

YI=Y!QIQ!T, (11)
where Y1 Y} = QUATQ; T, Q) = Q)[:,: 7.

Here, Q" € R% > contains orthonormal eigen-
vectors and A" is diagonal with eigenvalues A >
e > )\Zh > 0, and Q" € R%*" contains the
top-r principal components.

Theorem 4.1 (Reconstruction Error of Single-head
Output PCA Projection). Let Y = XW!T and
?f} = Yf}QﬁijT be the rank-r approximation
obtained by projecting Yf} onto its top-r principal
components. Then the squared Frobenius norm of
the reconstruction error satisfies:

dp,
h vh h
”Yv _YvH%’ = Z )"i?
1=r+1

where {\!'} are the eigenvalues of Y'Y,
Corollary 4.2 (Reconstruction Error of Mul-

ti-head Output PCA Projection). Let Y, =
concat(Y}, .. YH) be the concatenated output hid-
den states. The squared Frobenius norm of the
reconstruction error satisfies:

H

dp,

h=11i=r+1

Therefore, the reconstruction error of the multi-
head value output can be expressed as the sum
of the truncated eigenvalues )\? from the output
of each head value projection Y”. When the
preserved dimension is r, truncating the smallest
eigenvalues )\f} 1 )\Z in the PCA decomposition
of each value head yields the minimal reconstruc-

tion error for the multi-head value output.

5 Experiments

In this section, we first compare the performance
of FLAT-LLM on language modeling and down-
stream tasks with recent fine-grained structural
pruning methods across multiple LLM architec-
tures and compression ratios. We then evaluate
inference speedup and memory saving, and con-
duct ablation studies on our IPRS algorithm and
the impact of calibration datasets. Additional ex-
perimental results, including calibration efficiency,
performance under varying compression ratios on
downstream tasks, and comparisons with coarse-
grained importance-based pruning baselines, are
provided in Appendix D.

5.1 Setups

Models and Datasets. We evaluate our method
on multiple decoder-based generative models, in-
cluding Llama-2 7B, 13B, 70B, Llama-3 8B (Tou-
vron et al., 2023), and Mistral 7B-v0.1 (Jiang
et al.,, 2023). Following the settings in previ-
ous works (Ashkboos et al., 2024; Wang et al.,
2024), we use 256 samples with 4096 tokens from
WikiText-2 or Alpaca datasets for calibration. For
the downstream evaluation, we use the LM Eval-
uation Harness (Gao et al., 2024a) and test on
ten tasks: ARC-e, ARC-c, PIQA, WinoGrande,
HellaSwag, BoolQ, OBQA, MathQA, Common-
senseQA, MMLU. Here, MMLU uses 5-shot eval-
uation, and all others use zero-shot.

Baselines. We compare our method with recent
decomposition-based pruning approaches, includ-
ing SVD-LLM (Wang et al., 2024), SliceGPT
(Ashkboos et al., 2024), as well as fine-grained
importance-based methods such as FLAP (Anetal.,
2024) and LLM-Pruner (Ma et al., 2023). Addi-
tionally, we evaluate our approach against coarse-
grained structural pruning techniques, including
Pivoting Factorization (Zhao et al., 2025), LLM
Surgeon (van der Ouderaa et al., 2024), ShortGPT
(Men et al., 2024), LaCo (Yang et al., 2024b), and
BlockPruner (Zhong et al., 2024), as reported in
Appendix D.2 and D.3.

Implementation Details. Our implementation
is built on the Huggingface Transformers library
(Wolf et al., 2019). The MHA blocks are com-
pressed using our proposed head-wise PCA, while
the MLP modules are compressed using selection
matrices derived from the Nystrom approximation;
implementation details are provided in Appendix C.
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Table 1: Comparison of downstream performance against prior structural compression methods on LLaMA-2 (7B,
13B, 70B), LLaMA-3 8B, and Mistral-7B models models at 20% compression ratio. 1 indicates FLAT-LLM with

head-wise query and key compression.

Model Method PPL | | Avg. T | MMLU 5-shot PIQA WinoG. HellaS. ARC-e ARC-c OBQA
Original 5.11 62.14 45.70 79.05 69.38 75.92 74.49 46.25 44.20
o LLM-Pruner (Ma et al., 2023) 10.55 | 53.89 26.20 7595  63.38 67.33 64.31 39.93 39.60
: FLAP (An et al., 2024) 6.76 53.07 31.90 7454  62.98 64.74 61.28 36.43 39.60
< SliceGPT (Ashkboos et al., 2024) | 8.24 | 46.26 26.75 64.80  62.98 49.18 55.68 31.40 33.00
% SVD-LLM (Wang et al., 2024) 7.84 52.32 29.34 7149  65.27 58.57 68.31 35.84 37.40
j FLAT-LLM (ours) 6.70 55.16 39.67 7220  65.82 64.72 64.44 38.65 40.60
FLAT-LLM' (ours) 6.34 | 57.85 43.99 73.18 68.35 68.99 66.79 40.87 42.80
o Original 4.57 65.70 55.40 80.41 72.53 79.41 77.39 49.15 45.60
= LLM-Pruner (Ma et al., 2023) 9.67 55.45 22.80 7797  60.77 71.26 67.09 44.28 44.00
: FLAP (An et al., 2024) 5.90 57.00 41.20 75.57 67.25 69.19 65.91 39.08 40.80
s SliceGPT (Ashkboos et al., 2024) | 7.10 50.58 35.49 65.18 65.67 52.30 59.26 36.77 39.40
3 SVD-LLM (Wang et al., 2024) 7.37 55.86 35.54 7291 67.17 63.47 71.00 39.93 41.00
= FLAT-LLM (ours) 5.55 | 63.00 54.72 75.84  72.06 73.36 75.59 46.25 43.20
g8 Original 3.12 71.38 68.80 82.75 77.82 83.80 80.72 57.17 48.60
: FLAP (An et al., 2024) 8.76 | 48.29 25.90 72.31 64.09 55.94 51.05 31.91 36.80
-« SliceGPT (Ashkboos et al., 2024) | 5.76 57.40 48.30 68.01 72.14 57.16 68.64 4394 43.60
% SVD-LLM (Wang et al., 2024) 5.96 61.07 52.10 74.48 72.61 68.41 71.93 46.93 41.00
j FLAT-LLM (ours) 433 | 67.98 67.35 7720 77.03 78.44 78.87 51.19 45.80
- Original 4.92 68.14 62.50 82.05 73.95 81.02 79.55 53.92 44.00
= FLAP (An et al., 2024) 7.11 48.29 25.90 72.31 64.09 55.94 51.05 31.91 36.80
g SliceGPT (Ashkboos et al., 2024) | 9.06 | 43.18 25.52 59.35 61.21 45.11 51.60 30.29 29.20
é SVD-LLM (Wang et al., 2024) 9.29 50.23 25.02 7046  64.56 58.09 69.28 37.63 26.60
FLAT-LLM (ours) 6.11 58.54 57.21 70.84  69.30 63.76 68.73 41.72  38.20
- Original 5.75 68.14 65.43 80.85 73.40 79.17 80.09 53.24  44.80
: FLAP (An et al., 2024) 8.42 54.42 42.24 73.50  65.90 59.87 64.22 36.26 39.00
« SliceGPT (Ashkboos et al., 2024) | 16.62 | 41.28 25.07 60.23 57.22 40.46 47.26 27.73 31.00
% SVD-LLM (Wang et al., 2024) 17.17 | 47.06 28.64 66.27 61.01 52.65 55.43 31.66 33.80
ﬂ FLAT-LLM (ours) 8.15 61.47 62.56 7280 7253 69.13 68.90 4258 41.80
FLAT-LLM' (ours) 8.02 | 62.45 63.21 73.67 74.11 70.46 70.24 4428  41.20

Unless otherwise specified, all main-text experi-
mental results are obtained using FLAT-LLLM with
compression applied only to the value and output
projections in the attention module. We denote the
variant that additionally compresses the query and
key projections as FLAT-LLMT. All decomposition
computations are performed in double precision to
ensure numerical stability. Experiments are con-
ducted on a single A100 40GB GPU, except for
LLaMA-2 70B, which is evaluated using 4 A100
GPUs. All methods are evaluated without any re-
covery fine-tuning.

5.2 Performance Comparison

Performance on Different LL.Ms. Table 1 com-
pares the language modeling perplexity and down-
stream task accuracy of FLAT-LLM and FLAT-
LLMT' against prior structural compression meth-
ods across five LLMs under a 20% compression
ratio. FLAT-LLM' augments FLAT-LLM by ad-
ditionally applying head-wise compression to the
query and key projections, which consistently im-
proves accuracy under the same compression bud-
get. Across all evaluated models, FLAT-LLM(")
achieves the best overall performance in both av-

erage accuracy and perplexity, indicating strong
generalization and text generation quality under
compression. For larger models, like LLaMA-2
13B and 70B, FLAT-LLM incurs only a modest
average accuracy drop of 2.7% and 3.4%. In con-
trast to prior methods, which often struggle on
newer architectures like Mistral-7B and LLaMA-3
8B, FLAT-LLM consistently maintains high perfor-
mance, yielding up to 15.4% and 20.2% accuracy
improvements, respectively. Notably, FLAT-LLM
outperforms all baselines by as much as 40% on
the MMLU 5-shot benchmark, demonstrating its
effectiveness at preserving factual reasoning and
broad-domain knowledge.

We further evaluate zero-shot downstream per-
formance under varying compression ratios (see
Figure 8 in Appendix D.3). FLAT-LLM consis-
tently outperforms prior low-rank decomposition
baselines across all models and compression levels,
demonstrating strong robustness and effectiveness.

5.3 Comparison with Quantization

We further integrate FLAT-LLM with post-training
quantization methods to assess their combined ef-
fectiveness. As shown in Table 2, applying FLAT-
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Table 2: Perplexity comparison with GPTQ for LLaMA-
2 7B and Llama-3 8B on WikiText-2.

Model Method Size (GB) PPL |
Original 14 5.12

LLaMA-2 7B GPTQ 2-bit 1.8 (7.8 x) | NaN
FLATLLM |, ¢ (7.8 x) | 13.43
+GPTQ 3-bit | "~ *° :
Original 16 5.75

LLaMA-3 8B GPTQ 3-bit 3.0(5.3 x) | 39.85
FLATLIM 1, ¢ (5.7 x) | 11.91
+ GPTQ4-bit | = :
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Figure 5: Comparison of inference throughput and mem-
ory usage with prior low-rank-based methods.

LLM (with a 30% compression ratio) followed by
GPTQ-3/4-bit quantization achieves lower perplex-
ity than GPTQ-2/3-bit alone, while maintaining
the same or even lower memory footprint. This
integration makes it possible to compress large lan-
guage models by 5 — 8 x with negligible accuracy
degradation, enabling highly efficient and effective
model deployment.

5.4 Inference Efficiency

Figure 5 compares the inference throughput and
memory usage of our method with prior low-rank
approaches, including SliceGPT and SVD-LLM,
across compression ratios ranging from 10% to
50% on LLaMA-2 7B. Following previous se-
tups (Ashkboos et al., 2024), we generate 256 to-
kens with a batch size of 64, where we report the
throughput during decoding and the CUDA mem-
ory usage after decoding. Without any CUDA-
level optimization, our method consistently outper-
forms the original model, achieving speedups over
1.50x across all compression ratios. Notably, even
at a modest 10% overall compression ratio, our
method attains a 1.68 x throughput improvement,
as the proposed non-uniform rank selection strategy
concentrates compression on middle-to-late layers,

o2}
o

=== Original

—#— IPRS (Alpaca) R 4
Uniform (Alpaca)

- IPRS (WikiText-2)

40 Uniform (WikiText-2)

Avg. Acc (%)
(&)
o

10% 20% 30% 40%
Compression Ratio

Figure 6: Comparison of zero-shot average accuracy
on downstream datasets versus compression ratio using
uniform rank and our IPRS algorithm on Llama-2 13B.

which are empirically more memory-bound in in-
ference. Additionally, due to the reduced dimen-
sionality of the value outputs, FLAT-LLM further
reduces activation memory in the value cache. As
a result, even under the same compression ratio, it
achieves the lowest memory usage among all low-
rank model compression methods. Compared to
SliceGPT and SVD-LLM, it achieves up to 1.63x
and 1.93 % higher throughput, and reduces memory
usage by 19% and 20%, respectively. These results
highlight the efficiency of FLAT-LLM, making it a
strong candidate for real-world deployment.

5.5 Ablation Study

In this section, we present an ablation study of our
rank selection method and evaluate its performance
using different calibration datasets. Specifically,
we report the average accuracy across eight down-
stream tasks using calibration performed on either
the WikiText-2 or Alpaca dataset.

Importance-Preserving Rank Selection. To
evaluate the effectiveness of our Importance-
Preserving Rank Selection (IPRS) method, Fig-
ure 6 compares the average zero-shot precision of
different rank allocation strategies - uniform and
IPRS - between compression ratios ranging from
10% to 40% on LLaMA-2 13B. As shown in Fig-
ure 6, IPRS consistently outperforms the uniform
baseline across all compression settings. The per-
formance gap becomes more pronounced at higher
compression ratios, achieving gains of 5.4% with
Alpaca calibration and 8.0% with WikiText-2 at
a 40% compression ratio. This is because sensi-
tive layers suffer disproportionately high truncation
loss under aggressive compression, making adap-
tive rank selection increasingly important. These
results underscore the complementary strengths of
fine-grained PCA and importance-aware rank allo-
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Figure 7: Comparison of zero-shot average accuracy
on downstream datasets versus compression ratio cali-
brated on WikiText-2 or Alpaca on Llama-2 13B.

cation. In Appendix D.5, we further apply IPRS
to the SVD-LLM method, which also shows im-
proved performance over uniform rank. In Ap-
pendix D.6, we additionally show that IPRS con-
sistently outperforms MoDeGPT’s rank allocation
strategy.

Calibration Dataset. We evaluate the average
zero-shot accuracy on LLaMA-2 13B using two
calibration datasets—WikiText-2 and Alpaca. As
shown in Figure 7, FLAT-LLM consistently outper-
forms SliceGPT and SVD-LLM across all settings
and compression levels, demonstrating strong gen-
eralization with WikiText-2 calibration and even
greater gains with Alpaca. Notably, under Alpaca
calibration, FLAT-LLLM maintains high accuracy,
with less than a 5% drop observed at up to 30%
compression. These results highlight the robust-
ness of FLAT-LLLM across diverse tasks, calibration
datasets, and compression regimes.

6 Conclusion

We propose a fast and accurate training-free struc-
tural compression method for LLMs, leveraging
low-rank transformations in the activation space.
By combining an importance-preserving global
rank allocation strategy with efficient head-wise
PCA-based approximations, our approach delivers
model with strong generation performance using
minimal calibration time. Experiments on LLaMA
and Mistral show superior generalization and sub-
stantial inference speedups compared to prior struc-
tural pruning and decomposition-based methods.

Limitations

While FLAT-LLM demonstrates strong empirical
performance in compressing large language mod-
els without fine-tuning, several limitations remain.

First, although FLAT-LLM achieves superior per-
formance and reduced memory consumption when
combined with post-training quantization methods
such as GPTQ, further CUDA kernel-level opti-
mization is required to fully realize the potential
inference speedup in practice. Second, while FLAT-
LLM attains substantial throughput acceleration
even at a 10% compression ratio due to its non-
uniform rank selection strategy, we do not explic-
itly analyze how the resulting rank distribution in-
fluences end-to-end speedup, nor do we design a
hardware-aware rank allocation scheme. We leave
both directions for future work.
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A Head-wise PCA for Grouped Query
Attention

Grouped Query Attention. Modern architec-
tures such as Llama-3 and Mistral employ Grouped-
Query Attention (GQA), in which multiple query
heads share a smaller set of key-value heads. This
design aims to improve the inference efficiency by
reducing both the memory footprint and computa-
tion cost associated with the KV cache.

Let H and G denote the number of query and
key-value heads, where typically H > G. For each
query head h € {1,..., H}, let its associated key-
value head be denoted by g(h) € {1,...,G}. In
most cases, where H = nG for some integer n,
the mapping is defined as g(h) = L%J Under this
setting, we reformulate Equation (1) as follows:

h
XWZT(XWi( )T)T

vy ’
Y! = Softmax(A")XW9HT

h __
AT= (12)

where the key difference lies in the use of shared
key and value projection Wi(h), W () across mul-
tiple query heads. Similarly, Equation (2) can be
rewritten as:

Y" = Softmax(A")XWIMTWET — (13)
Head-wise PCA for GQA Although GQA intro-
duces a mismatch between the number of heads
in the value and output layers, the joint compres-
sion technique remains applicable to GQA-based
architectures.

Let Yy (h) represent the output of the value layer
for key-value head g(h). By applying PCA, we can
transform the value output as

Y9t — yah Qe gy

and reformulate Equation (13) as

Y" = Softmax(A")XWIW T Qs Qs TwhT,

Even though the output layer contains H heads
and the value layer contains only G, each output
projection head h uses the PCA basis g(h) de-
rived from its corresponding value head g(h). This
enables joint compression of both the value and
output projection layers under GQA. The process
can be expressed as:

Y = Softmax(A")XWIMTQIM QI TwWhT,
Y = Softmax(A")XWIH TWhT

where the first equation represents truncation
and second denotes absoprtion. The PCA basis
Qg(h) € R9%*" is truncated to rank 7. As a re-
sult, the output layer shares G PCA basis, reduc-
ing the total computation required for PCA. Af-
ter truncation, the shared value projection matrix
and the per-head output projection matrix become
Wﬁ(h) € R"*hia and W e R%iax" respectively.

B Truncation Loss Analysis

B.1 Theoretical Proof

In the following, we provide the detailed proof
on the direct mapping between eigenvalues and
truncation loss in single-head and multi-head cases.
Theorem 4.1 [Reconstruction Error of Single-head
Output PCA Projection] Let Y = XW"T and
Y = Y'Q'Q!T be the rank-r approximation
obtained by projecting ij onto its top-r principal
components. Then the squared Frobenius norm of
the reconstruction error satisfies:

dp
1Yy = Yol = > Al
i=r+1
where {\I'} are the eigenvalues of Y TY!.

Proof. The projection Y = Y Q!Q!T mini-
mizes the Frobenius norm among all rank-r ap-
proximations. Let P = Q"Q!T € R > be
the orthogonal projector onto the top-r eigenspace.
The squared Frobenius norm of the reconstruction
error is:

Yy = Y35 = 1Yo (I-P)|%

= Trace [Yh(l —P)(I- P)TYZT}
= Trace [Yh T}

= Trace [(I - Y’”Yh]

QIALQLT, let Q! = Ql -
QthT and thus:

Since YhTYh
QU, we have I —

I — Y53 = Trace [QEQETQEALQ!T]

= Trace | Q1T QIALQLT QY]

dp,
DA

i=r+1

= Trace [AAZ} =
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Table 3: Comparison of zero-shot downstream performance with prior importance-based compression methods for

Llama-2 7B at 20% compression ratio and Llama-2 13B at 30% compression ratio.

Model Method Ratio | WinoG. HellaS. ARC-e ARC-c¢ PIQA | Avg. | delta
Original 0% 69.06 75.99 74.58  46.25 7791 | 68.76 0
LaCo (Yang et al., 2024b) 60.46 54.08 55.39 35.84 6834 | 54.82 | -13.94
LLaMA-27B ShortGPT (Men et al., 2024) 20% 65.90 62.63 56.06 36.09 70.24 | 58.18 | -10.58
BlockPruner (Zhong et al., 2024) 62.43 65.87 61.07 3729 7421 | 60.17 | -8.59
FLAT-LLM (ours) 20% 67.88 69.24 7045 41.38 7535 | 64.86 | -3.90
Original 0% 72.22 79.39 7942  49.06 80.52 | 72.12 0
LaCo (Yang et al., 2024b) 59.27 60.44 5434 3456 7242 | 55.44 | -16.68
LLaMA-2 13B ShortGPT (Men et al., 2024) 25% 70.80 67.80 60.35 4130 7274 | 62.60 | -9.52
BlockPruner (Zhong et al., 2024) 66.30 72.20 6582 4138 7693 | 64.53 | -7.59
FLAT-LLM (ours) 25% 71.35 72.93 7348 4394 76.44 | 67.63 | -4.49

Corollary 4.2 [Reconstruction Error of Multi-
head Output PCA Projection] Ler Y, =
concat(Y},..Y ) be the concatenated output hid-
den states. The squared Frobenius norm of the
reconstruction error satisfies:

H

dp,
HYU - ?v”% = Z Z )‘z}‘bv

h=1i=r+1

Proof.
1Yy = Yo% = [lconcat(Y] — Y1)
H ~ H dy
=D IO =YDlE=> > AL
h=1 h=11i=r+1
O

Therefore, the reconstruction loss of multi-head
value output equals to the sum of the dropped eigen-
values of all heads. Truncating the smallest dy, — r
eigenvalues of each head leads to the lowest recon-
struction loss.

B.2 Empirical Results

Table 4: Comparison of layer-wise reconstruction error
for SVD-LLM and FLAT-LLM under 20% sparsity.

Method Layer 0 | Layer 10 | Layer 20
SVD-LLM (Wang et al., 2024) 1.56 1.56 1.53
FLAT-LLM (ours) 1.53 1.52 1.52

To evaluate the reconstruction quality of the at-
tention block, we conducted an empirical study
measuring the relative Frobenius norm between the
compressed and original attention outputs. For a
fair comparison, we used the same value-layer in-
puts from the original model at each layer for both
SVD-LLM and FLAT-LLM under a uniform rank
setting, thereby avoiding the influence of inter-layer
error propagation. We evaluated the reconstruction

error at a 20% compression ratio for both methods
on LLaMA-2 7B. The results show that FLAT-LLM
consistently yields lower reconstruction error, indi-
cating that our head-wise PCA design for the atten-
tion block more effectively preserves the low-rank
structure of the activation space than SVD-LLM.

C Nystrom-based Low-rank MLP
Approximation

To compress the MLP layers, we apply a structured
Nystrom approximation guided by data-dependent
ridge leverage scores inspired by MoDeGPT (Lin
et al., 2024). We further improve its efficiency
by eliminating the need for the time-consuming
pseudo-inverse computation, reducing the overall
runtime from hours in MoDeGPT to only a few
minutes in our approach. Let dp;; and djy¢ denote
the hidden and intermediate dimensions, respec-
tively. The method operates on the up-projection
matrix W, € R@nid*dint and the down-projection
matrix Wy € R%nt%dnid within each MLP block.
To capture activation structure, we compute the cor-
relation matrix C\, over intermediate hidden states
passed through the SiLLU activation. Ridge lever-
age scores are then derived from the regularized
correlation matrix via C,(Cy + I)~!, quantifying
the relative importance of each intermediate chan-
nel. Based on these scores, we construct a selection
matrix S, € R%nt*k that retains the top-k most
informative channels, where k is determined by
the target sparsity ratio. The up-projection is com-
pressed by selecting the top-k columns, i.e., W1 Sk,
while the down-projection is approximated via
Nystrom reconstruction: (S;CUS;C) ! S;—C’UWQ.
This data-aware procedure preserves key activation
subspaces while significantly reducing parameter
count and computation.
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Figure 8: Comparison of zero-shot average accuracy versus compression ratio on various models.

D Additional Experimental Results
D.1 Calibration Efficiency

Table 5: Comparison of calibration time and perfor-
mance with other methods on LLAMA-2 13B at 20%
compression ratio.

Method Time | | PPL | | Avg. ACC 1
SliceGPT (Ashkboos et al., 2024) | Oh35m | 7.10 0.51
SVD-LLM (Wang et al., 2024) 0h27m | 7.69 0.56
FLAP (An et al., 2024) Oh10m | 5.90 0.57
FLAT-LLM (ours) Ohl5m | 5.55 0.63

Table 5 compares the calibration time, perplexity
(PPL), and average zero-shot accuracy of various
compression methods at a 20% compression ratio
on Llama-2 13B. The results are collect from a
single A100 GPU. Among the evaluated methods,
FLAT-LLM achieves the best overall performance,
attaining the lowest perplexity and the highest aver-
age accuracy, while maintaining a moderate calibra-
tion time of 15 minutes. In contrast, SliceGPT and
SVD-LLM exhibit 1.8 — 2.3x longer calibration
times and significantly 7 — 12% accuracy drop. Al-
though FLAP achieves the shortest calibration time,
it suffers from a 6% accuracy gap compared to
our FLAT-LLM. These results highlight that FLAT-
LLM offers the best trade-off between calibration
efficiency and compression performance, demon-
strating high practical deployability.

D.2 Additional Evaluation on Language
Modeling

We further compare our FLAT-LLM against recent
structural pruning methods, including Pivoting Fac-
torization (Zhao et al., 2025) and LLM Surgeon
(van der Ouderaa et al., 2024). All methods are
calibrated using 128 samples from WikiText-2, and
perplexity is evaluated on the WikiText-2 test split.

Table 6: Performance on LLaMA-3 8B evaluated on
WikiText-2.

Method 20% | 30% | 40%

Pivoting Factorization (Zhao et al., 2025) 8.31 | 10.83 | 16.41
LLM Surgeon (van der Ouderaa et al., 2024) | 11.27 | 18.80 | 52.97
FLAT-LLM (ours) 8.15 | 9.52 | 11.67

As shown in Table 6, FLAT-LLM consistently out-
performs both Pivoting Factorization and LLM Sur-
geon on LLaMA-3 8B across various sparsity lev-
els. In addition to strong performance, FLAT-LLM
is significantly more efficient: it requires only 8
minutes of calibration on a single A100 40GB GPU,
whereas LLM Surgeon takes approximately 4 hours
using 8xA100 40GB GPUs when ngpors = 4.

D.3 Additional Evaluation on Zero-shot
Downstream tasks

Figure 8 presents a comprehensive comparison of
average zero-shot accuracy across compression ra-
tios ranging from 10% to 40%, evaluated on three
LLM models: LLaMA-2 7B, LLaMA-2 13B, and
Mistral-7B. Calibration is performed using 128
samples with a sequence length of 4096 from the
Alpaca dataset. The performance of the uncom-
pressed dense model is shown as the upper bound
(purple dashed line). Our proposed method, FLAT-
LLM, consistently outperforms prior low-rank de-
composition approaches, including SlicedGPT and
SVD-LLM, across all models and compression
levels. Notably, FLAT-LLM maintains high per-
formance with less than a 2% accuracy drop at
10% compression across all models. These re-
sults underscore the effectiveness and scalability of
FLAT-LLM across varying models and compres-
sion regimes.

We further evaluate FLAT-LLM against addi-
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Figure 9: Layer-wise sparsity score visualization across different LLM models using our IPRS algorithm.

tional importance-based baselines on five reason-
ing tasks, as shown in Table 3. Following the
setting of BlockPurner, we use 256 samples on
Alpaca datasets for calibration. On average, FLAT-
LLM incurs less than a 4% accuracy drop when
pruning Llama-2 7B at a 20% compression ratio,
and approximately a 6% drop on Llama-2 13B
at a 30% compression ratio—significantly outper-
forming all baselines. Moreover, FLAT-LLM con-
sistently achieves the highest accuracy across all
benchmarks, demonstrating strong generalization
across tasks.

D.4 TIllustration for IPRS Rank Distribution

Figure 9 presents the layer-wise remaining rank
ratios produced by the IPRS algorithm across vari-
ous LLM models, including Llama-3 8B, Llama-2
13B, 70B, and Mistral-7B. For each model, curves
are shown under different target average remaining
ratios, ranging from 30% to 90%. To compute the
importance of each model, we use 128 samples
with 4096 sequence length randomly selected from
WikiText-2 dataset. The gray dashed line repre-
sents the normalized importance scores t used to
guide the adaptive rank allocation. Across all mod-
els, IPRS consistently preserves more capacity in
layers deemed more important, while aggressively
pruning less critical layers. Notably, the resulting
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Figure 10: Comparison of average zero-shot accuracy
across eight downstream datasets versus compression
ratio using uniform rank and our IPRS algorithm on
SVD-LLM.

rank distributions exhibit a U-shaped or skewed
U-shaped pattern, allocating higher ranks to early,
middle, or final layers depending on model-specific
importance trends. Despite variations in architec-
ture and depth, all models share a common pattern
in which the input-adjacent and output-adjacent
layers are more heavily preserved, reflecting their
broader importance for information transformation
and representation. This consistent behavior across
diverse models highlights the robustness and gener-
alization ability of the IPRS algorithm in learning
effective, non-uniform rank allocations tailored to
model-specific importance profiles.
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D.5 IPRS on Other Decomposition Methods

To evaluate the generality of our rank selection
method, we also apply IPRS to SVD-LLM, as
shown in Figure 10. While it leads to improve-
ments in this setting, the average accuracy gain
is modest, typically up to 2.5%. This is due to
the distinct truncation loss patterns across layers:
SVD-LLM exhibits relatively uniform truncation
loss, whereas FLAT-LLM displays highly variable
loss, amplifying the benefit of adaptive rank alloca-
tion. Overall, combining IPRS with our head-wise
PCA-based compression in FLAT-LLM yields con-
sistently superior performance, underscoring the
complementary strengths of fine-grained PCA and
importance-aware rank selection.

D.6 Comparison with Other Rank-Adaptive
Methods

Table 7: Comparison of FLAT-LLM with IPRS and
ModeGPT rank allocation strategies on LLaMA-3 8B
evaluated on WikiText-2.

Method 30% | 40% | 50%

FLAT-LLM (w/ ModeGPT’s rank allocation, ¢ = 0.2) | 9.66 15.51 | 81.86
FLAT-LLM (w/ ModeGPT’s rank allocation, ¢ = 1) | 62.16 | 115.86 | 24.19
FLAT-LLM (w/ our IPRS) 9.52 | 11.67 | 16.58

We claim that our IPRS algorithm is entirely
hyperparameter-free and achieves higher accuracy
than MoDeGPT’s rank allocation method. In Ta-
ble 7, we apply both IPRS and MoDeGPT'’s alloca-
tion strategies to FLAT-LLM and evaluate the re-
sulting perplexity on the WikiText-2 test split. The
results show that IPRS consistently outperforms
MoDeGPT’s allocation method across all compres-
sion ratios and hyperparameter settings of €. Fur-
thermore, unlike MoDeGPT, our approach avoids
the instability caused by the sensitivity of its hyper-
parameter €.
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