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Abstract

Singular Value Decomposition (SVD) enables
hardware-agnostic LLM compression via low-
rank approximation, yet optimal rank alloca-
tion remains a bottleneck. Existing methods
predominantly derive layer importance from
performance-oriented proxies. Yet, these met-
rics fail to distinguish between representational
importance and structural compressibility, con-
sequently obscuring the fine-grained influence
of spectral distribution shape. We demonstrate
this disconnect through spectral analysis, re-
vealing that layers with similar information ca-
pacity can exhibit markedly different singular
value decay behaviors, corresponding to vary-
ing degrees of redundancy in the spectral tail.
This imperfect coupling implies that allocation
strategies driven solely by importance leave
significant compression opportunities under-
exploited. To address this gap, we propose
HiSVD, a hierarchical rank allocation frame-
work with two stages: (1) Capacity-Anchored
Baseline Allocation, which preserves represen-
tational stability by aligning rank budgets with
information capacity; and (2) Redundancy-
Aware Refinement, which modulates this base-
line using tail redundancy to penalize structural
excess. Experiments on LLMs demonstrate
that HiSVD achieves superior compression ef-
ficiency, significantly outperforming state-of-
the-art baselines by effectively exploiting this
spectral heterogeneity.

1 Introduction

Pre-trained Large Language Models (LLMs)
demonstrate remarkable capabilities but suffer
from prohibitive memory and latency costs (Zhao
et al., 2024; Brown et al., 2020; Patterson et al.,
2021; Strubell et al., 2019). To mitigate these costs,
model compression has become imperative, with
techniques ranging from quantization (Dettmers
et al., 2023; Shao et al., 2024) and pruning (Fran-
tar and Alistarh, 2023; Sun et al., 2024) to knowl-
edge distillation (Hsieh et al., 2023). Among these,

Singular Value Decomposition (SVD)-based low-
rank approximation (Golub et al., 1987) offers a
unique hardware-agnostic advantage, directly trans-
lating parameter reduction into inference acceler-
ation. While recent methods like FWSVD (Hsu
et al., 2022), AdaSVD (Li et al., 2025), and Dobi-
SVD (Wang et al., 2025) have improved SVD by
optimizing truncation objectives (e.g., sensitivity,
reconstruction error), they remain fundamentally
constrained by the Rank Allocation bottleneck.
Specifically, existing methods predominantly
rely on performance-oriented proxies (e.g., recon-
struction error, sensitivity) to infer compressibility.
However, these metrics often fail to distinguish
between representational necessity and structural
redundancy. This practice induces a conservative
bias—Ilayers exhibiting high sensitivity or large
spectral energy are systematically protected with
higher ranks—regardless of their actual structural
properties. Here, Information Capacity establishes
the fundamental representational demand of a layer,
whereas Spectral Compressibility reflects the extent
to which its weight matrix admits low-rank approx-
imation. Crucially, spectral distribution shape is
distinct from layer importance; instead, it character-
izes the structural degrees of freedom that govern
compressibility, even for layers with high informa-
tion capacity. As a result, existing approaches often
overlook fine-grained variations in spectral distribu-
tion shape—particularly tail redundancy—thereby
obscuring potential compression opportunities that
performance-driven signals alone fail to expose.
We investigate this disconnect in Figure 1. Fig-
ure 1(a) presents the singular value decay curves
of two representative layers whose Effective Ranks
are nearly identical. Despite this similarity, their
spectral decay behaviors diverge substantially be-
yond the leading components, indicating that lay-
ers with similar information capacity can differ
markedly in spectral tail redundancy. To assess
whether this phenomenon is pervasive, we extend
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(a) Identical Capacity, Distinct Decay (b) Layer-wise Correlation (Llama-7B)
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Figure 1: Imperfect Coupling between Information Capacity and Spectral Distribution Shape. (a) Two layers
with nearly identical Effective Rank exhibit substantially different singular value decay patterns, revealing distinct
structural redundancy despite comparable capacity. (b) Scatter plot across all LLaMA-7B linear layers shows strong
global negative correlation (Spearman p ~ —0.86), yet moderate linear fit (R? = 0.66) indicates significant vertical
dispersion: layers with similar information capacity can display widely varying degrees of tail redundancy. This
motivates explicitly decoupling capacity from distribution shape. Comparative analysis is provided in Appendix C.
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Figure 2: Representative Spectral Patterns Illustrating Structural Inflation. Case 1 corresponds to a hard-to-compress
layer, while Case 2 is trivially compressible. Crucially, Case 3 reveals a structurally inflated layer: despite having an
effective rank ratio comparable to Case 1, it exhibits pronounced tail redundancy similar to Case 2. This anomaly
motivates the need to explicitly decouple information capacity from spectral distribution shape.

our analysis to all linear layers in the LLaMA fam-  rate multiple signals to estimate layer importance,
ily (Fig. 1(b)). At a macroscopic level, a strong  they generally lack an explicit mechanism to disen-
global negative correlation (Spearman p ~ —0.86)  tangle information capacity from spectral distribu-
indicates a pronounced monotonic trend: layers tion shape. Consequently, layers with comparable
with higher information capacity tend to exhibit  capacity but distinct structural redundancy are often
lighter spectral tails. This observation explains  treated similarly, leaving a significant compressibil-
why existing compression strategies—guided by ity gap underexploited.

sensitivity, activation statistics, or reconstruction
objectives—are often effective in a coarse, aggre-
gate sense. However, a linear regression analysis
(R? =~ 0.66) shows that a substantial portion of the
variability in spectral distribution shape remains
unexplained by capacity metrics alone. Impor-
tantly, this discrepancy stems not merely from non-
linearity but from pronounced vertical dispersion:
layers with nearly identical information capacity
frequently exhibit drastically different degrees of
tail redundancy. While prior methods may incorpo-

Figure 2 crystallizes the practical implication of
this gap. While low-capacity layers are naturally
compressible (Case 2) and compact high-capacity
layers require protection (Case 1), a central blind
spot exists: Case 3. These layers possess high In-
formation Capacity—appearing "important" to con-
ventional metrics—yet exhibit heavy spectral tails
similar to Case 2. Importance-driven heuristics typ-
ically over-allocate ranks to Case 3, missing the
opportunity to prune its redundant degrees of free-
dom without compromising information integrity.
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Driven by these insights, we propose HiSVD, a
principled hierarchical rank allocation framework
that explicitly disentangles Information Capacity
from Spectral Distribution Shape. First, Capacity-
Anchored Baseline Allocation establishes a foun-
dational rank assignment derived from Effective
Rank, capturing macroscopic representational re-
quirements to ensure global stability. Second,
Redundancy-Aware Refinement serves as a theo-
retically grounded modulation using fine-grained
Tail Redundancy statistics; this step aligns rank per-
turbations with marginal spectral energy to rigor-
ously minimize reconstruction error. By anchoring
allocation on capacity and refining via structural
redundancy, HiSVD systematically exploits latent
compressibility that remains inaccessible to purely
capacity-centric or ad-hoc heuristic approaches.
Extensive experiments demonstrate that HiSVD
consistently outperforms state-of-the-art baselines,
validating the necessity of an interpretable, hier-
archical decoupling of spectral shape from layer
importance for efficient low-rank compression.

2 Related Works

2.1 SVD-based LLM Compression

Singular Value Decomposition has emerged as a
promising post-training compression strategy for
LLMs, offering hardware-agnostic acceleration
that directly translates parameter reduction into
inference speedup. Recent methods have signifi-
cantly improved truncation quality by incorporat-
ing various performance-oriented optimization sig-
nals. FWSVD (Hsu et al., 2022) employs Fisher
information weighting to guide parameter-level
truncation decisions. ASVD (Yuan et al., 2023)
exploits the observation that activation matrices ex-
hibit stronger low-rank structure than weight matri-
ces, decomposing features rather than weights for
more accurate approximations. SVD-LLM (Wang
et al., 2024) establishes explicit relationships be-
tween singular value magnitudes and compression
error through data-dependent whitening transfor-
mations. While these methods demonstrate strong
empirical performance, they share a common char-
acteristic: they improve truncation through sig-
nals—reconstruction error, activation norms, Fisher
information—that implicitly serve as proxies for
compressibility, without explicitly modeling how
spectral distribution shape affects structural com-
pression capacity.

2.2 Rank Allocation and Layer Importance
Estimation

Determining optimal compression budgets across
heterogeneous layers represents a central challenge
in structured compression. Traditional search-
based strategies, including reinforcement learn-
ing (Schulman et al., 2017) and evolutionary op-
timization (Real et al., 2019), suffer from compu-
tational overhead that limits scalability. Modern
differentiable frameworks mitigate this: ARS (Gao
et al., 2024) introduces binary masking for dif-
ferentiable rank optimization; AdaSVD (Li et al.,
2025) assigns layer-specific ratios based on sensi-
tivity metrics with adaptive compensation; Dobi-
SVD (Wang et al., 2025) employs differentiable
truncation to jointly optimize allocation and re-
construction through gradient-based search. How-
ever, these methods typically allocate ranks in a
manner that correlates compression budgets with
layer importance, implicitly assuming that layers
deemed more critical should be protected with pro-
portionally higher ranks. This assumption becomes
insufficient when importance diverges from com-
pressibility.

2.3 Spectral Analysis and Redundancy
Metrics

Analyzing matrix redundancy is essential for un-
derstanding model compressibility. Classical met-
rics like Effective Rank (Roy and Vetterli, 2007)
and Stable Rank (Vershynin, 2018; Cohen et al.,
2016) quantify information content by aggregating
singular values into scalar indices. While useful
for estimating Information Capacity, these scalar
summaries fail to capture the shape of the spectral
distribution—specifically, the distinction between
head-concentration and tail-heaviness. Although
recent studies have linked spectral decay patterns
to generalization (Martin and Mahoney, 2021) or
fine-tuning stability (e.g., WeLORE (Jaiswal et al.,
2025)), these insights have not been fully opera-
tionalized for compression. Existing frameworks
either aggregate spectra into scalar importance
proxies or optimize reconstruction without explic-
itly distinguishing capacity from distribution shape.
In contrast, our work explicitly decouples spectral
distribution shape from information capacity, uti-
lizing tail redundancy as a distinct refinement sig-
nal to modulate capacity-anchored rank allocation,
thereby transcending the constraints of traditional
importance metrics.
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Figure 3: Overview of HiSVD. HiSVD performs hierarchical rank allocation in two stages: Stage I (Capacity-
Anchored Baseline Allocation) assigns ranks according to effective rank ratio, capturing global differences in
information capacity; Stage II (Redundancy-Aware Refinement) further modulates the baseline using tail redundancy
to compress structurally inflated layers that deviate from this trend. Pipeline is shown in Algorithm E.

3 HiSVD

3.1 Motivation

Consider a pre-trained LLM with L linear layers,
where each layer contains a weight matrix W €
R™>™. SVD-based compression factorizes W =
USVT and truncates the decomposition at rank
r, reducing the number of parameters from mn
to r(m + n). Given a target compression ratio
Tatioyget, the rank allocation problem seeks to
assign a rank r; to each layer ¢ such that the overall
compressed model satisfies the budget constraint:

L L

Zﬁ‘(mi +n;) = ratiogret - Z ming, (1)

i=1 =1

where m; and n; denote the dimensions of the
weight matrix in layer .

A straightforward baseline allocates ranks uni-
formly according to the global compression ratio.
For a weight matrix W' € R™*", the baseline rank

is given by:

Tbase = L J s

where |- | denotes the floor operator. While sim-
ple and budget-consistent, this uniform allocation
treats all layers equally, ignoring their heteroge-
neous importance and spectral structure.

Recent methods improve upon uniform rank allo-
cation by incorporating performance-oriented sig-
nals, such as sensitivity measures or reconstruc-
tion error, to guide rank assignment across layers.
These approaches effectively differentiate layer im-
portance, yet they largely operate through indirect
proxies and do not explicitly account for how spec-
tral distribution shape influences compressibility.

As revealed by the empirical observations in Sec-
tion 1, this omission becomes non-negligible. Even
among layers with comparable information capac-
ity, their singular value decay profiles can differ
substantially, exhibiting markedly different degrees

mn - 7atiogprget

(@)

m-+n
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of tail redundancy. This discrepancy indicates that
information capacity alone does not uniquely de-
termine compressibility, and that spectral distribu-
tion shape introduces additional structural degrees
of freedom that are not captured by importance-
oriented proxies.

Motivated by this phenomenon, HiSVD formu-
lates rank allocation as a two-stage hierarchical
process. This design provides interpretability by
physically separating the allocation logic: Stage
I anchors allocation to the global capacity trend,
while Stage II targets specific structural redundan-
cies, allowing the compression strategy to be un-
derstood in terms of spectral properties rather than
opaque optimization scores.

3.2 HiSVD: Hierarchical Rank Allocation

HiSVD performs rank allocation through a two-
stage hierarchical procedure that separates informa-
tion capacity estimation from structural redundancy
modeling. The first stage establishes a capacity-
anchored baseline allocation across layers, while
the second stage refines this allocation by explicitly
accounting for excess spectral redundancy reflected
in the spectral tail.

Stage I: Capacity-Anchored Baseline Allocation

We begin by establishing a baseline allocation
rooted in the relative information capacity of each
layer. This foundational step is critical for pre-
serving representational stability: it ensures that
layers encoding high-dimensional intrinsic infor-
mation (i.e., high Effective Rank) are allocated
commensurate budgets prior to any redundancy
reduction. By anchoring the rank distribution to
information capacity, we prevent the subsequent
refinement stage from inadvertently truncating es-
sential spectral components in information-dense
layers. Information capacity is quantified using the
Effective Rank, which measures the intrinsic di-
mensionality of a weight matrix independent of its
physical size. Given a weight matrix W with sin-
gular values {o},}}}_,, the effective rank is defined

as 9
o (Ci0) 5

- > ko1 07
We utilize this participation-ratio-based effec-
tive rank as a lightweight proxy for capacity. We
emphasize that this choice is a practical and inter-
pretable proxy rather than a theoretically optimal
notion of rank. a discussion on metric selection is
provided in Appendix A.

To enable consistent comparison across layers
of different shapes, we quantify the normalized
information capacity using the effective rank ratio:

Reff

min(m;, n;)’ pi € (0,11 @

pPi =

Starting from a uniform baseline rank 7,55, We

reallocate ranks according to deviations in informa-
tion capacity:

TZ(Stagel) = Tbase (1 +a- (Pi - ﬁ)) ’ &)

where p = % Zle p; denotes the mean normal-
ized information capacity across layers, and «
controls the strength of capacity-anchored alloca-
tion. This zero-mean formulation preserves the
global compression budget while assigning rela-
tively higher ranks to layers with greater informa-
tion capacity and fewer ranks to layers with lower
information capacity.

Stage I1: Redundancy-Aware Refinement

The baseline allocation derived from capacity esti-
mation treats all layers with similar effective ranks
equally. However, this overlooks structural redun-
dancy—the physical phenomenon where a layer
possesses excess degrees of freedom despite high
capacity. To address this, we introduce a refine-
ment stage driven by tail redundancy, a quantita-
tive metric we define to measure this structural ex-
cess. Inspired by the low-rank estimation strategy
in WeLORE (Jaiswal et al., 2025), we operational-
ize tail redundancy by calculating the proportion of
negligible singular values in the normalized spec-
trum.

We first normalize singular values to the unit
interval:

51 = O — Omin ' (6)
Omax — Omin

Tail redundancy is then defined as the fraction of
singular values whose normalized magnitude falls
below a threshold 7:

n

1
Ti=—> 1lor <7, @)

k=1

where 1[-] denotes the indicator function. A larger
T; indicates that a greater proportion of spectral
components lie in the tail, suggesting higher struc-
tural redundancy, whereas a smaller 7; corresponds
to a more compact and information-efficient spec-
trum. Importantly, T; reflects structural compress-
ibility rather than information capacity. While we
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use a threshold-based instantiation here, details on
robustness and design choices are discussed in Ap-
pendix A.

To modulate the baseline allocation, we map tail
redundancy to a refinement score:

s;=1—-0.5-1T;, (®)

where higher redundancy yields lower scores and
thus stronger compression signals. Scores are
clipped to a bounded interval to prevent extreme
reallocations. In practice, for matrices of the same
type, the corresponding scores are first averaged
across layers before being normalized by their
mean § = % ZZ‘L:1 s;. The final rank assignment is
obtained as

rl(Stage2) _ TZ(Stagel) (1 + 8- log (%)) )

where 3 controls the magnitude of redundancy-
aware refinement.

By sequentially applying capacity-anchored allo-
cation and redundancy-aware refinement, HiSVD
decouples information capacity from structural
redundancy, enabling systematic compression of
structurally inflated layers. After the two-stage
refinement, a global rank rescaling is applied to
exactly satisfy the target compression ratio (see
Algorithm 2 for details).

The computational overhead of HiSVD’s rank
allocation is negligible compared to the SVD factor-
ization shared by all SVD-based methods, adding
only O(L) operations for L layers.

3.3 Post-Compression Fine-Tuning

Following prior work (Wang et al., 2024; Solgi
et al., 2025), we apply LoRA-based fine-tuning
(Hu et al., 2022) to recover performance after com-
pression. This fine-tuning procedure is orthogonal
to the rank allocation method and is applied uni-
formly across HiSVD and all baselines to ensure
fair comparison.

4 Experiments and Analysis

Baselines. We benchmark HiSVD against three cat-
egories of state-of-the-art methods: (1) SVD-based
Compression, including FWSVD (Hsu et al., 2022),
ASVD (Yuan et al., 2023), SVD-LLM (Wang
et al., 2024), Dobi-SVD (Wang et al., 2025), and
AdaSVD (Li et al., 2025); (2) Structured Pruning,
namely LLM-Pruner (Ma et al., 2023), SliceGPT
(Ashkboos et al., 2024), and BlockPruner (Zhong

et al., 2025); and (3) Quantization Synergy, com-
paring HiSVD combined with 4-bit quantization
against SVD-LLM and the GPTQ baseline (Frantar
et al., 2022).

Models and Datasets. We evaluate on five rep-
resentative LLMs: LLaMA-7B (Touvron et al.,
2023a), LLaMA-2-7B (Touvron et al., 2023b),
LLaMA-3-8B (Grattafiori et al., 2024), OPT-6.7B
(Zhang et al., 2022), and Mistral-7B (Jiang et al.,
2023). Evaluation is conducted in a zero-shot set-
ting using LM-Evaluation-Harness on 8 datasets:
two for language modeling (WikiText-2 (Merity
et al., 2016), C4 (Raffel et al., 2020)) and six for
commonsense reasoning (OpenbookQA (Mihaylov
et al., 2018), ARC-easy (Clark et al., 2018), Hel-
laswag (Zellers et al., 2019), PIQA (Bisk et al.,
2020), MathQA (Amini et al., 2019), and Wino-
Grande (Sakaguchi et al., 2019)).

Experimental Configuration. Following the pro-
tocol of SVD-LLM (Wang et al., 2024), we use
256 randomly sampled sequences from WikiText-2
for calibration. All experiments are conducted on
NVIDIA H20 GPUs.

4.1 Comparative Analysis

We evaluate HiSVD across six dimensions to
demonstrate its efficacy and versatility.

Main Results. We benchmark LLaMA-7B on
eight datasets across 20%—60% compression ratios
(Table 1). HiSVD consistently outperforms base-
lines in both standard and fine-tuned (*) settings.
Notably, our method maintains high resilience even
without weight updates, validating the effectiveness
of our rank allocation strategy.

Model Generality. We extend evaluation to di-
verse architectures (LLaMA-2/3, OPT, Mistral) and
scales (up to 30B) at 20% compression. As shown
in Table 2, HiSVD consistently outperforms base-
lines across all settings, verifying the strong gener-
alization capability of our hierarchical approach.
SVD Competitors. Table 3 compares HiSVD
against recent adaptive SVD frameworks. Our
method achieves superior accuracy, demonstrating
that our hierarchical allocation strategy identifies
compression opportunities more effectively than
the heuristics employed by competitors.

Pruning Comparison. We contextualize the per-
formance of HiSVD against state-of-the-art struc-
tured pruning methods, benchmarking LLaMA-7B
at 20% and 40% compression ratios. As shown in
Table 4, HiSVD consistently achieves lower per-
plexity than these sparsity-based approaches. This
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RATIO | METHOD | WIKITEXT-2 C4| |OPENB.} ARC_Ef HELLAS.? PIQA? MATHQA? WINOG.} AVERAGET

0% | ORIGINAL | 5.68 7.34 | 0.28 0.67 0.56 0.78 0.27 0.67 0.54
FWSVD 1727 1511 0.15 0.31 0.26 0.56 0.21 0.50 0.33

ASVD 11.14 15.93 0.25 0.53 0.41 0.68 0.24 0.64 0.46

20% SVD-LLM 7.94 15.84 0.22 0.58 0.43 0.69 0.24 0.63 0.47
SVD-LLM* 7.73 12.23 0.33 0.67 0.55 0.79 0.26 0.69 0.55
HISVD 7.33 13.79 0.27 0.67 0.45 0.72 0.23 0.67 0.50
HISVD* 7.14 11.05 0.33 0.70 0.54 0.77 0.25 0.70 0.55
FWSVD 20127 7240 0.17 0.26 0.26 0.51 0.19 0.49 0.31

ASVD 51 41 0.18 0.43 0.37 0.65 0.21 0.53 0.40

30% SVD-LLM 9.56 25.11 0.2 0.48 0.37 0.65 0.22 0.59 0.42
SVD-LLM* 8.13 12.95 0.26 0.68 0.47 0.71 0.24 0.64 0.50
HISVD 8.53 20.37 0.25 0.59 0.40 0.68 0.23 0.65 0.47
HISVD* 7.77 12.48 0.31 0.66 0.51 0.75 0.24 0.66 0.52
FWSVD 18156 12847 0.16 0.26 0.26 0.53 0.21 0.51 0.32

ASVD 1407 1109 0.13 0.28 0.26 0.55 0.19 0.48 0.32

40% SVD-LLM 13.73 75.42 0.25 0.33 0.40 0.63 0.12 0.55 0.38
SVD-LLM* 9.27 15.63 0.29 0.59 0.52 0.69 0.20 0.68 0.49
HISVD 11.48 38.83 0.20 0.49 0.34 0.64 0.22 0.59 0.41
HISVD* 8.87 14.61 0.29 0.63 0.48 0.72 0.24 0.62 0.50
FWSVD 24391 23104 0.12 0.26 0.26 0.53 0.20 0.50 0.31

ASVD 15358 27929 0.12 0.26 0.26 0.52 0.19 0.51 0.31

50% SVD-LLM 23.97 118.57| 0.16 0.33 0.29 0.56 0.21 0.54 0.35
SVD-LLM* 15.30 19.26 0.22 0.54 0.40 0.67 0.23 0.59 0.44
HISVD 19.93 90.46 0.19 0.39 0.30 0.58 0.21 0.56 0.37
HISVD* 10.70 17.36 0.25 0.59 0.43 0.70 0.24 0.60 0.47
FWSVD 32194 29292 0.15 0.26 0.26 0.53 0.18 0.50 0.31

ASVD 57057 43036 0.12 0.26 0.26 0.51 0.18 0.49 0.30

60%' SVD-LLM 66.62 471.83| 0.10 0.05 0.10 0.21 0.04 0.17 0.11
SVD-LLM* 15.00 26.26 0.18 0.42 0.31 0.35 0.12 0.44 0.30
HISVD 43.02 238.69| 0.14 0.30 0.28 0.55 0.22 0.53 0.34
HISVD* 14.25 22.84 0.22 0.51 0.38 0.67 0.23 0.57 0.43

Table 1: Performance of Llama-7B compressed by HiSVD and baselines under 20% to 60% compression ratio in
terms of perplexity (on two language modeling datasets) and accuracy (on seven common sense reasoning datasets).

Method Llama 30B Llama-2 7B Llama-3 8B OPT-6.7B  Mistral-7B
Original 4.10 5.47 6.14 10.86 5.25
FWSVD 20.54 2360 4782 14559 6357
ASVD 22.71 10.10 17.55 82.00 13.72
SVD-LLM 5.63 8.50 14.41 16.04 10.21
SVD-LLM* 5.14 7.73 11.41 14.47 7.47
HiSVD 5.19 7.73 11.77 11.58 7.02
HiSVD#* 4.35 7.02 10.14 11.16 6.63

Table 2: Perplexity of LLAMA-13B, LLAMA-30B, LLAMA-2-7B, LLAMA-3-8B, OPT-6.7B and Mistral-7B

under 20% compression ratio.

performance differential substantiates the intrinsic
superiority of low-rank approximation over struc-
tured sparsity. By explicitly isolating the principal
energetic components, HiSVD ensures maximal
representational integrity while upholding mathe-
matical interpretability—attributes frequently com-
promised by the heuristic-driven masking inherent
to pruning baselines.

Quantization Synergy. We demonstrate that
HiSVD is orthogonal to quantization by integrating
it with GPTQ under extreme memory budgets (Ta-
ble 5). This result validates the synergy of the "low-

'Extremely large perplexity values indicate collapse under
aggressive compression ratio.

rank + low-bit" approach, suggesting that such hy-
brid methodologies are pivotal for advancing the
frontiers of post-training compression.

Hardware Efficiency. We measure LLaMA-7B
generation throughput on an NVIDIA H20 GPU
(Figure 4). HiSVD yields consistent speedups that
scale with the compression ratio (20%—60%), effec-
tively translating reduced complexity into practical
acceleration.

4.2 Ablation Study

We evaluate four variants on LLaMA-7B: HiSVD-1
(Stage 1 only), HiSVD-2 (Stage 2 only), HiSVD-
3 (Stage 142 Synergy), and HiSVD-4 (HiSVD-
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Method Perplexity]  Accuracyf

Original 5.68 0.53
Ada-SVD 14.76 0.34
Dobi-SVD 13.54 0.38
HiSVD 11.48 0.41
HiSVD* 8.87 0.50

Table 3: Compared to Dobi-SVD and AdaSVD on
Llama-7B at 40% Compression Ratio.

Ratio  Model WikiText2
LLM-Pruner 9.88
SliceGPT 8.78

20% BlockPruner 94
HiSVD 7.14
LLM-Pruner 18.94
SliceGPT 16.39

40% BlockPruner 19.78
HiSVD 8.87

Table 4: Perplexity of LLAMA-7B compressed by struc-
tured pruning methods and HiSVD.

Method Memory  Perplexityl
GPTQ-3bit 2.8GB 16.28
SVD-LLM 2.8GB 35.98
SVD-LLM+GPTQ-4bit 2.8GB 10.36
HiSVD 2.8GB 32.35
HiSVD+GPTQ-4bit 2.8GB 9.69

Table 5: Perplexity of LLAMA-7B compressed by
GPTQ and HiSVD.
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Ratio=20%
mmm Ratio=40%
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Figure 4: Throughput (Tokens/sec) of LLAMA-7B and
its compressed version by HiSVD on single H20 GPU.

20% Compression Ratio

40% Compression Ratio

60% Compression Ratio

Method WikiText2] C4] Accuracy! WikiText2] C4| Accuracy? WikiText2] C4]  Accuracy?
SVD-LLM 7.94 15.84 0.47 13.73 75.42 0.38 66.62 471.83 0.11
SVD-LLM* 7.73 12.23 0.55 9.27 15.63 0.49 15.00 26.26 0.30
HiSVD-1 747 14.49 0.49 12.02 43.41 0.41 49.21 294.34 0.34
HiSVD-2 7.40 14.09 0.50 11.66 41.05 0.41 45.34 265.67 0.34
HiSVD-3 7.33 13.79 0.50 11.48 38.83 0.41 43.02 238.69 0.34
HiSVD-4 7.14 11.05 0.55 8.87 14.61 0.50 14.25 22.84 043

Table 6: Ablation study on LLaMA-7B across varying compression ratios. HiSVD-1: Stage 1 only; HiSVD-2:
Stage 2 only; HiSVD-3: Stage 1+2 Synergy; HiSVD-4: HiSVD-3 with fine-tuning.

3 with fine-tuning). Table 6 shows that HiSVD-
3 consistently outperforms single-stage baselines.
This confirms that while Stage 1 captures global
capacity trends, Stage 2 exploits the "imperfect
coupling” by targeting tail redundancy that Stage
1 overlooks. Moreover, the robust recovery of
HiSVD-4 validates that our allocation preserves
the "spectral skeleton" even before weight updates.
Unlike opaque heuristics, these results demonstrate
HiSVD’s interpretability by disentangling informa-
tion capacity from structural redundancy.

4.3 Robustness and Design Choices

To further examine the stability of HiSVD, we
evaluate the sensitivity of the redundancy thresh-
old 7 used in Stage II. Specifically, we vary
7 € {0.05,0.10,0.15,0.20,0.25} while keeping
all other settings fixed. As shown in Table 7, the

resulting fluctuation is extremely small, with the
variance on WikiText-2 below 0.0004. Although
7 = 0.15 achieves marginally better performance,
we use 7 = (.10 as the default setting throughout
the paper because it provides a highly robust and
effective operating point.

This stability stems from the redundancy-aware
refinement mechanism itself. Even if the initial
threshold slightly overestimates or underestimates
the tail region, Stage II dynamically rebalances the
final rank allocation according to the observed spec-
tral redundancy. As a result, HiSVD is insensitive
to the precise value of 7, provided it lies within a
reasonable range.

We also examine the robustness of the scaling hy-
perparameters « and 3. Our default settingis = 1
and 8 = 1, which is used throughout the main ex-
periments without additional tuning. As shown in
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T 0.05 0.10(default) 0.15 020 0.25
WikiText2  7.76 773 771 193 1.74
C4 16.89 16.58 16.39 16.51 16.65

Table 7: Sensitivity of HiSVD to the redundancy threshold 7 on LLAMA-2-7B under 20% compression ratio.

a=05p8=1 a=1,=1default) a=15=1 a=1,8=05 a=18=15
WikiText2 7.74 773 7.75 7.81 7.72
c4 16.58 16.58 16.59 17.00 16.24

Table 8: Sensitivity of HiSVD to the scaling hyperparameters e and 5 on LLAMA-2-7B under 20% compression

ratio.

Table 8, varying either parameter within [0.5, 1.5]
leads to only minor changes in perplexity. In partic-
ular, the fluctuation on WikiText-2 remains below
0.04 PPL, confirming that (a, ) = (1,1) is a sta-
ble operating point rather than a carefully tuned
configuration.

From a conceptual perspective, o and 3 act as in-
tensity control knobs with clear physical interpreta-
tions. The parameter « controls the sensitivity to
information capacity in Stage I, while § regulates
the aggressiveness of the redundancy-aware refine-
ment in Stage II. We observe that changing o to
either 0.5 or 1.5 results in only slight degradation,
indicating that the capacity-anchored allocation is
inherently robust. In contrast, reducing /3 to 0.5
noticeably worsens performance, demonstrating
that weakening the redundancy penalty prevents
HiSVD from fully exploiting structural redundancy.
This empirically validates the necessity of Stage II.
Interestingly, increasing [ to 1.5 yields slightly bet-
ter results in some cases, suggesting that the model
contains substantial compressible redundancy. Nev-
ertheless, we adopt 8 = 1 as a balanced and safe
default that remains effective across diverse archi-
tectures and compression ratios.

The design choices in Equation 8 are motivated by
the need to balance the two complementary fac-
tors captured by HiSVD: information capacity and
spectral redundancy. In particular, the constant 0.5
acts as a damping factor that ensures stable and
conservative rank refinement. The raw Tail Redun-
dancy score measures the proportion of negligible
singular values in each layer. If it were applied
directly with a scaling factor of 1, the refinement
could become overly aggressive for highly redun-
dant layers, potentially leading to representational
collapse. Using 0.5 provides a safety margin, ensur-
ing that even layers with large redundancy scores

retain at least 50% of their baseline rank allocation.
This conservative design balances the benefit of
exploiting spectral redundancy against the risk of
excessive information loss. The coefficient 0.5 is
introduced to moderate the magnitude of the re-
dundancy correction relative to the effective-rank
baseline, preventing Stage II from overreacting to
noisy tail singular values.

5 Conclusion

In this work, we identify a fundamental limitation
in SVD-based compression: the widespread re-
liance on metrics that fail to distinguish between
representational importance and structural com-
pressibility. While existing methods typically treat
layer importance as a sufficient proxy for rank
allocation, our spectral analysis reveals that this
coupling is imperfect—Ilayers with comparable
information capacity often exhibit markedly dif-
ferent spectral decay patterns, corresponding to
varying degrees of redundancy in the spectral tail.
To bridge this gap, we propose HiSVD, a hierar-
chical framework that explicitly decouples these
two factors. By integrating Capacity-Anchored
Baseline Allocation to establish representational
stability with Redundancy-Aware Refinement to
target structural excess, HiSVD effectively ex-
ploits fine-grained compression opportunities that
performance-oriented proxies overlook. Extensive
experiments demonstrate that this principled decou-
pling enables more efficient compression and con-
sistently outperforms state-of-the-art SVD-based
methods, highlighting the necessity of modeling
spectral distribution shape beyond capacity-centric
abstractions.
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Limitations

While HiSVD demonstrates significant efficacy in
optimizing low-rank compression by theoretically
decoupling information capacity from spectral dis-
tribution shape, several limitations warrant further
investigation.

Computational Complexity of Spectral Decom-
position. Although the rank allocation phase of
HiSVD is computationally efficient (O(L)), the
prerequisite step involves performing full Singu-
lar Value Decomposition (SVD) on every sin-
gle weight matrix. This factorization process is
computationally intensive, particularly for high-
dimensional weight matrices found in massive-
scale models. Consequently, the preprocessing
time grows significantly with model size, which
presents a bottleneck for extremely large mod-
els or scenarios requiring frequent re-compression.
While this is a one-time offline cost, it limits
the feasibility of dynamic, on-the-fly execution in
resource-constrained edge environments. Future
work could explore randomized SVD algorithms
or iterative approximation methods to mitigate this
computational overhead.

Inference Latency Characteristics. HiSVD sig-
nificantly improves decoding throughput (token-
s/sec) by reducing memory bandwidth usage. How-
ever, the Time-To-First-Token (TTFT) latency dur-
ing the prefill phase may not see proportional
gains—or may slightly regress—due to the kernel
scheduling overhead introduced by replacing a sin-
gle dense matrix multiplication with two sequential
low-rank operations. Since HiSVD preserves the
original attention structure and KV-cache layout,
its impact on TTFT is expected to remain limited.
Therefore, the acceleration benefits of HISVD are
most pronounced in memory-bound, steady-state
decoding scenarios, while a dedicated end-to-end
latency study remains an important direction for
future work.

Heuristic Design and Hyperparameter Sensi-
tivity. HiSVD relies on several design choices,
including the min-max normalization for tail redun-
dancy and the modulation coefficients («, 3). Al-
though our experiments show that the same default
configuration generalizes well across the LLaMA,
OPT, and Mistral families, these heuristics may re-
quire revalidation for architectures with fundamen-
tally different spectral signatures, such as Mixture-
of-Experts (MoE) models. Nevertheless, because
HiSVD computes information capacity and tail re-

dundancy independently for each layer, the frame-
work is naturally compatible with heterogeneous
architectures and could potentially adapt to dif-
ferent experts without assuming structural unifor-
mity. In addition, HiSVD currently relies solely
on weight spectral information. Incorporating task-
aware signals, such as activation statistics or Fisher
information, may further improve the sensitivity of
the allocation strategy to downstream tasks. Devel-
oping a more adaptive, parameter-free mechanism
that automatically derives these coefficients and
robustifies the tail metric therefore remains an im-
portant direction for future research.

Theoretical Bounds of Tail Redundancy. Our
methodology leverages tail redundancy to iden-
tify structurally inflated layers, operating on the
premise that singular values with negligible magni-
tude represent removable structural excess. While
statistically valid for general language modeling
performance, there is a theoretical possibility that
certain heavy-tail singular values—though numeri-
cally small—may encode "long-tail" factual knowl-
edge or rare linguistic patterns. Aggressive pruning
based on spectral distribution shape might dispro-
portionately impact the recall of such obscure facts,
a phenomenon that standard perplexity metrics on
broad corpora might not fully capture. Further in-
vestigation is needed to quantify the relationship be-
tween spectral tail pruning and fine-grained knowl-
edge retention.

Dependence on Post-Compression Fine-Tuning.
Consistent with state-of-the-art low-rank compres-
sion frameworks, HiSVD utilizes LoRA-based fine-
tuning to compensate for the precision loss incurred
by rank truncation. While our method achieves
superior zero-shot performance compared to base-
lines (Table 1), achieving near-lossless recovery
(HiSVD*) still necessitates a re-training phase with
access to calibration data and gradient computation.
This requirement constrains the applicability of the
method in strictly "data-free" or "gradient-free" de-
ployment scenarios where only pre-trained weights
are accessible.
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A Implementation Details and Design
Choices

A.1 Hyperparameters and Normalization

To demonstrate the robustness and ease of deploy-
ment of HiSVD, we employ a unified hyperparam-
eter configuration across all experiments: o = 1,
B = 1,and 7 = 0.1. We explicitly did not per-
form per-model or per-ratio hyperparameter tuning.
The fact that this single configuration consistently
outperforms baselines across diverse architectures
(LLaMA, OPT, Mistral) and scales (7B to 30B)
validates that our hierarchical decoupling strategy
captures intrinsic spectral properties rather than
overfitting to specific hyperparameters.

In Stage I, the effective rank is computed as a nor-
malized quantity by dividing the raw participation-
ratio-style effective rank by the corresponding ma-
trix dimensionality. In Stage II, the tail redundancy
score is likewise computed from normalized singu-
lar values. The zero-mean adjustment is applied to
these normalized scores to ensure relative compa-
rability across layers.

A.2 Budget Control via Global Rank
Rescaling

Equation 1 is used to compute the baseline rank
allocation that corresponds to the target compres-
sion ratio. The subsequent Stage I and Stage II
adjustments operate on these baseline ranks to re-
distribute capacity across layers according to nor-
malized capacity and redundancy signals.

As these two stages are designed to perform rela-
tive reallocation, the intermediate rank assignments
may temporarily deviate from the original target
compression ratio. To ensure that the final model
strictly matches the desired global compression
level, we apply a global rank rescaling step after
Stage 1I.

Specifically, all layer-wise ranks are uniformly
scaled by a constant factor so that the total number
of retained parameters exactly matches the target
compression ratio specified by Eq. 1. The final
scaled ranks are rounded to the nearest integers
to obtain valid matrix dimensions. This process
preserves the relative allocation pattern induced by
HiSVD while strictly enforcing the global compres-
sion constraint.

A.3 Justification for Effective Rank Proxy

In Stage I, we adopt the effective rank definition
Ress = (X 0k)?/ > oz. While entropy-based ef-

fective rank and stable rank are valid alternatives
for measuring dimensionality, we select this spe-
cific formulation because it acts as a normalized
proxy for the "participation ratio" of singular val-
ues. It provides a computationally efficient and
scale-invariant measure of spectral concentration
without requiring logarithmic operations. Our fo-
cus is on the relative distribution of capacity across
layers rather than the absolute theoretical value of
the rank; empirically, this metric correlates well
with the information capacity required for the base-
line allocation.

A.4 Robustness of Tail Redundancy

In Stage II, we characterize spectral compressibil-
ity using a tail redundancy score derived from min-
max normalized singular values. We acknowledge
that min-max normalization can be sensitive to
outliers in the spectral distribution. However, in
the context of pre-trained LLMs, we observe that
weight spectra are generally well-behaved, and the
specific threshold 7 serves as a consistent control
variate across layers. While alternative measures
(e.g., quantile-based tail mass or power-law fitting)
could potentially offer greater theoretical robust-
ness, our specific instantiation provides a direct and
interpretable signal for identifying structural infla-
tion, which is the primary goal of the refinement
stage.

A.5 Motivation for Redundancy-Aware
Refinement

The logarithmic refinement in Stage II is motivated
by the intuition from the Eckart-Young-Mirsky the-
orem, which states that the approximation error
is determined by the sum of squared tail singular
values. Layers with "heavy tails" (high redundancy
score s;) imply that a larger portion of the spec-
tral energy is concentrated in smaller components,
allowing for more aggressive truncation without
significant information loss. The logarithmic mod-
ulation function is chosen to provide a bounded,
non-linear adjustment that penalizes structural ex-
cess while preventing drastic rank fluctuations that
could destabilize the network. A formal theoreti-
cal justification, demonstrating how this refinement
guarantees a first-order reduction in reconstruction
error under budget constraints, is provided in Ap-
pendix B.
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A.6 Al Assistant Declaration

We have utilized a Large Language Model (LLM)
to assist in refining the language and improving the
clarity of the manuscript. The LLM was primarily
used for enhancing the overall phrasing and read-
ability of the text, ensuring a more polished and
professional presentation.

B Theoretical Interpretation of HiSVD

We clarify that "decoupling" in HiSVD refers to
an operational separation of functional roles, rather
than statistical orthogonality between proxies. Our
two-stage design assigns information capacity and
spectral tail redundancy to distinct stages of rank
allocation, without assuming these signals to be
uncorrelated. Empirically, they exhibit strong neg-
ative correlation (Figure 1), which motivates a hier-
archical treatment: perfect alignment would render
refinement redundant, while independence would
obviate staging. HiSVD operates in this moderately
coupled regime.

Setup and Two-Stage Allocation. Let W; <
R™i*™ be a layer weight matrix with singular
values 0517 > -+ > o054, > 0, where d; =
min(m;, n;). The truncated-SVD reconstruction
error at rank r is

Ei(r) = [IW: —

Wigllh =) o

j>r

(10)

We use the normalized information capacity p; €
(0, 1] defined in Eq. 4 as the primary anchor. Re-
calling Eq. 5, Stage I (capacity-anchored baseline
allocation) determines the rank r§smgel) based on
the uniform baseline 7,5 and the capacity devia-
tion:

rl(Stagel) = Toase (1 + a(pi

- ﬁ )) ’ (1 ])
where « controls the anchoring strength and p is
the mean capacity. Since > (p; — p) = 0, this
stage naturally preserves the total parameter budget
relative to the uniform baseline.

Let s; denote the refinement score derived from
tail redundancy (Eq. 8) and 5 its mean. Stage 1I
(redundancy-aware refinement) applies a bounded

multiplicative logarithmic adjustment:

TZ(StageZ) _ TZ(Stﬁgel) (1 + Blog 8—_1> . (12)
S

A final rescaling factor +y restores strict budget con-
sistency:

= L’V TZ(StageZ)L S.t. Z ri(mi + nl) ~ B.
i
(13)
Stability and Conditional Improvement.

Stage II is designed as a relative perturbation
around the capacity-anchored baseline. Let the
perturbation magnitude be defined as:

5:max‘ﬁlogs—_i‘. (14)
7 S

If § < 1, then the refinement is uniformly bounded:

(1_5)T§Stagel) < TZ(StageZ) (14—5) (Stdgel . (15)
Thus, Stage II modifies the rank distribution with-
out overturning the foundational capacity struc-
ture established in Stage I. Given the definition
si = 1—0.5-T; (Eq. 8), the refinement score
is strictly bounded within s; € (0.5,1). With the
default setting 8 = 1, the maximum perturbation
magnitude is bounded by § < In2 = 0.693. Con-
sequently, the stability condition 6 < 1 is natu-
rally satisfied by design, guaranteeing non-negative
ranks without requiring additional explicit clipping.
Consider a generic local rank perturbation Ar. The
change in reconstruction error is:

r+Ar
Ei(r) — Ei(r + Ar) = Z O’ ;= Ar- UMH
j=r+1
(16)
By applying this approximation to the specific rank
shift A; = rEStagez) — rZ(Stagel), the first-order lin-
earization yields:
Ei(rl(StageZ)) ~ Ei(rl(Stagel)) A; - 0' (Sm g
(17)

Proposition (Conditional First-Order Decrease).
To analyze the aggregate error trend, we consider
the budget constraint in a parameter-normalized
context. This simplifies the strict parameter conser-
vation to a rank-sum constraint » _, A; ~ 0. Under
this approximation, the aggregate change in error

is:
E AEZ ~ = E Al ) 02 (Stagel) .
- - 5,7, e 1
i i

Since Stage II increases rank (A; > 0) for lay-
ers with low redundancy (high s;)—which typ-
ically possess larger marginal singular values

(18)
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01-2 ++1—and decreases rank for high-redundancy
layers, the inner product is negative:

Z (E.i(r(StagCZ)) . Ei(r(Stagel))) <0.

1 (2

(19)

%

This provides a local guarantee: anchoring on
capacity and refining towards layers with larger
marginal singular energy reduces the aggregate re-
construction loss. The validity of Eq. (19) relies
on the positive correlation between the refinement
score s; and the marginal spectral energy UZT 11
Intuitively, layers with low tail redundancy (high
s;) typically exhibit a slower decay in their singular
value spectrum, implying a larger azr +1- By shift-
ing the budget A; > 0 to these layers, HiSVD max-
imizes the gradient of error reduction (A; - o), en-
suring the aggregate reconstruction loss decreases.

Remarks. These results are intentionally local
and do not assert global optimality. Their role
is to formalize (i) Stage I as a capacity-anchored
reference, (ii) Stage Il as a conservative logarithmic
refinement, and (iii) a verifiable condition under
which spectral-aware refinement reduces error.

C Extended Spectral Analysis Across
Architectures

We extend the analysis of imperfect coupling (Fig-
ure 1) to a broader range of architectures, covering
varying scales (LLaMA-2-7B, LLaMA-30B) and
distinct attention mechanisms (Grouped Query At-
tention in LLaMA-3-8B and Mistral-7B).

C.1 Metric Consistency and Universality

Crucially, our analysis relies on the dimension-
normalized information capacity (p;). As discussed
in Section 3, this normalization is pivotal for com-
paring heterogeneous layers. It effectively prevents
the reduced-dimension Key/Value projections in
GQA models from appearing as statistical outliers,
ensuring they share a common basis with larger
Query/Output and MLP layers.

C.2 Analysis Results

Figures 5 through 9 present the scatter plots for
both MHA and GQA architectures. By employing
pi, we observe a striking universality:

¢ Consistency Across Scales (MHA): Across
LLaMA-7B, LLaMA-2-7B, and LLaMA-30B,

the capacity-redundancy trade-off remains ro-
bust to model scaling, indicating the distribu-
tion shape is intrinsic to the learning process
rather than model size.

* Alignment of GQA Structures: For LLaMA-
3-8B and Mistral-7B, p; successfully aligns
the structurally distinct GQA Key/Value lay-
ers with the global trend. Despite having sig-
nificantly smaller n;, these layers integrate
seamlessly with Q/O and MLP layers, avoid-
ing the clustering artifacts seen with raw rank
metrics.

These results confirm that imperfect coupling is a
fundamental property of pre-trained Transformer
weights, rather than an artifact of specific dimen-
sions or attention mechanisms. Furthermore, the
consistent post-compression alignment (R?> >
0.89) validates that HiSVD’s hierarchical strategy
naturally adapts to these structural variations with-
out requiring architecture-specific heuristics.

D Visualization of Hierarchical Rank
Allocation

We visualize the proposed two-stage rank alloca-
tion on LLaMA-7B, illustrating how the budget
is dynamically distributed across layers and sub-
modules (e.g., att .qg, mlp.up) based on intrin-
sic properties.

D.1 Stage I: Capacity-Anchored Baseline
Allocation

Figure 10 visualizes the rank allocation process in
Stage 1.

* Metric Curve (p): The purple curve float-
ing above represents the estimated Capacity
(p) for each module across different layers.
A higher value signifies a higher capacity re-
quirement to capture complex feature transfor-
mations.

* Allocation Bars (Ar): On the projection
plane, the black line serves as the reference
axis representing the Uniform Baseline (i.e.,
Ar = 0). The colored bars projecting from
this axis indicate the deviation in rank alloca-
tion:

— Blue Bars (Rank Increase): For mod-
ules with high capacity scores (e.g., MLP
layers), the algorithm allocates addi-
tional rank budget (Ar > 0).
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correlation. (b) HiSVD significantly tightens this coupling after 20% compression.
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— Red Bars (Rank Decrease): For mod-
ules with lower capacity scores (e.g.,
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Figure 8: Scatter plot comparison for LLaMA-3-8B (GQA). By normalizing effective rank by layer dimension
(min(m, n)), the structurally distinct K/V layers align perfectly with the global spectral trend, demonstrating that
the imperfect coupling is an intrinsic property independent of architectural variations.
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Figure 9: Scatter plot comparison for Mistral-7B (GQA). Consistent with LLaMA-3-8B, HiSVD effectively exploits
the spectral heterogeneity across all layer types.

line. parts of att.q), the algorithm further
reduces the rank to eliminate redun-
D.2 Stage II: Redundancy-Aware Refinement dancy.
Figure 11 demonstrates the refinement process in

Stage II.

— Blue Bars (Rank Restoration): Con-
versely, where redundancy is low (imply-
ing rich spectral information), the algo-

* Metric Curve (7): The purple curve repre-
sents the Tail Redundancy (7), derived from
the singular value spectrum. A higher value
implies higher redundancy in the weight up-
dates.

¢ Refinement Bars (Ar): The black reference
line on the projection plane now represents
the rank allocation result from Stage 1. The
bars illustrate the secondary adjustment:

— Red Bars (Further Compression):
Where the redundancy 7 is high (e.g.,

rithm increases the rank relative to Stage
1 to preserve information, acting as a fine-
grained correction.

Overall, these visualizations empirically validate
the significant heterogeneity of parameter impor-
tance across different layers and modules. By syn-
ergizing the macroscopic capacity estimation in
Stage 1 with the microscopic spectral refinement in
Stage 2, our approach effectively captures these dis-
tinctions. The rank budget is dynamically directed
towards information-rich components (e.g., deep
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MLP layers) while further compressing redundant
ones (e.g., Attention Q/K projections). This en-
sures that limited resources are utilized where they
contribute most to model expressiveness, offering a
clear advantage over uniform allocation baselines.

E Algorithm

Algorithm 1 outlines the HiSVD pipeline. It begins
by pre-computing and caching whitened spectral
components using calibration data C'. The frame-
work then delegates rank determination to Algo-
rithm 2, which computes layer-specific budgets
‘R via a two-stage capacity-redundancy analysis
and global budget enforcement. Finally, the com-
pressed model is reconstructed using the cached
matrices with inverse whitening and optimized via
LoRA fine-tuning.

Algorithm 1 HiSVD Framework

1: Input: Original LLM M, Calibration data C'
2: Output: Compressed LLM M’
3: procedure HiSVD(M)
4: Initialize Swhitening7 So, Ssvd 0
: W < linear layers in M

5

6:  # Phase 1: Whitening & Decomposition
7. for Win W do
8
9

X« M(W,C)
: S < Cholesky(X X )
10: UX, VT« SVD(W - 5)
11: Swhitening .add(S)
12: Sy.add(X)
13: Sevg-add(U, 2, V')

14:  end for

15:  # Phase 2: Rank Allocation (See Alg. 2)
16: R < Hierarchical Rank Allocation(S,)
17:  # Phase 3: Truncation & Update

18: 1<+ 1

19:  for W in W do

20: S <+ Swhitening [Z]

21 U, S, VT Seali]

22: r <+ RJ[i]

23: Ura Era ‘/rT < U:,:r, E:7",:7‘7 VI
24: W, < U2,

25: Wy +— VTTS_I

26: Replace W with W, - W, in M
27: 14— 1+1

28:  end for

29:  # Phase 4: Recovery

30 M’ <+ LoRA-Finetuning(M, C)
31:  return M’

32: end procedure

Algorithm 2 Hierarchical Rank Allocation

1: Input: Singular values S,, Params
ratioiarget, O, 3, T
Output: Final rank list R
procedure Hierarchical Rank Allocation(S,)
Initialize S,, S5 < ()
# Step 1: Spectral Analysis
for X in S, do
Rer < (X 0n)*/ X o

p ¢ Regr/min(m,n) {Normalized
Capacity}

9: Ok < (Uk' - Umin)/(o'max - Umin)

10: T ¢ ity 2 1ok < 7] {Tail Re-
dundancy}

11: 5§+ 1-05-T

12: Sp.add(p)

13: Ss.add(s)

14:  end for

15:  # Step 2: Capacity-Anchored Baseline Allo-
cation

16:  p < Mean(S,)
172 Riemp < 0
18:  for pin S, do

19: Tbase < {(m.n.{niitz;r.getw

20: r(Stagel) gy (14 alp — p))
21: Riemp-add(r(Stagel)y

22:  end for

23:  # Step 3: Redundancy-Aware Refinement

24: 5§ <+ Mean(S;), where S is implicitly
grouped by matrix type and statistics are com-
puted within each group in practice.

25: Rteme «— 0

26:  for 5,7(5t29¢V) in (S, Riemp1) do

27 r(Stage2) . .(Stagel) (1 + Blog(g))

28: Riempa-add(r(5ta9e2))

29:  end for

30:  # Step 4: Global Budget Rescaling

31 Barget — Z(mz : nz) : ratiota'rget

32: Peyrrent < Z TZ(StageQ) . (mi + ni)

33 ¥ < Piarget/ Peurrent {Scaling Factor}

3. R+« 10

35:  for 7 in Riemp2 do

36: R.add(Round(r - 7))

37:  end for

38:  return R

39: end procedure
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