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Abstract

Large Language Models (LLMs), with 7B+ pa-
rameters, remain difficult to deploy on edge
devices due to memory & latency constraints,
despite increasing demand for personalized
on-device agents with strong reasoning capa-
bilities. Enabling such deployment, in cur-
rent hardware specifications, requires aggres-
sive compression while preserving downstream
performance. Singular Value Decomposition
(SVD)-based methods provide a promising
reconstruction-aware compression paradigm,
and recent trainable frameworks improve adap-
tive rank allocation under varying compression
budgets. However, maintaining model quality
under high compression remains challenging
due to statistical mismatches between decom-
posed cores and compounded degradation from
direct high-ratio compression.

We propose GRACE-SVD, a trainable SVD
compression framework combining Guided
Rank Allocation with a novel Core Equaliza-
tion method that aligns decomposed core dis-
tributions while preserving reconstruction. We
further introduce a progressive compression
pipeline with intermediate equalization to mit-
igate performance collapse under aggressive
compression. Across multiple model families
and compression settings, our GRACE-SVD
consistently outperforms existing SVD tech-
niques, achieving stable compression even at
0.4 parameter ratio, with lower perplexity and
stronger zero-shot performance under compa-
rable or lower compression budgets.

1 Introduction

Large Language Models (LLMs) have transformed
modern Al, enabling applications ranging from

language understanding to multimodal reasoning.

As the reasoning engine behind Al agents, LLMs

*Equal contribution, with the order of authors decided on
the basis of alphabetical order

are increasingly expected to perform personalized
assistance and on-device decision making. How-
ever, deploying such capabilities directly on edge
devices remains challenging due to the substan-
tial memory and compute requirements of modern
models. While parameter-efficient techniques like
low-rank adapters (LoRA) (Hu et al., 2021; Zhang
et al., 2023; Aastik et al., 2025) are widely used to
efficiently enable a single base model to perform
multiple downstream tasks, the deployment foot-
print of the base model remains large. Cloud-based
inference introduces significant privacy and latency
concerns, particularly when handling sensitive user
data in local settings such as on-device visual ques-
tion answering (Bara et al., 2022; Sahu et al., 2024).
Efficient compression of large models has therefore
become a critical area of research.

Techniques like Quantization (Frantar et al.,
2022; Lin et al., 2024), Pruning (Yang et al., 2025b;
Sun et al., 2024) and Distillation (Sanh et al., 2019;
Tan et al., 2023) have been widely studied, achiev-
ing substantial reductions in memory and infer-
ence cost. However, these techniques often suffer
noticeable degradation under aggressive compres-
sion settings or require specialized hardware sup-
port for efficient deployment. In contrast, Singu-
lar Value Decomposition (SVD) based compres-
sion techniques have opened up a new paradigm
of exploration, providing a mathematically stable
method of approximating the same information
with lesser parameters. Of late, Dobi-SVD : Dif-
ferentiable SVD for LLM Compression and Some
New Perspectives (Wang et al., 2025a) and ARA :
Adaptive Rank Allocation for Efficient Large Lan-
guage Model SVD Compression (Xv et al., 2026)
address the layer sensitivity problem with a train-
able optimization framework for layer-wise rank
allocation. Despite these advances, challenges re-
lated to stability during differentiable optimization,
robust rank allocation, and downstream adaptation
under high compression remain unresolved.
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In this paper, we propose GRACE-SVD, a trainable
SVD-based compression framework for efficient
LLM decomposition under high compression set-
tings. Our primary contributions are:

1. We introduce a stable training framework and
adaptive rank selection pipeline capable of
identifying effective low-rank, layer-wise rep-
resentations under parameter ratios as low
as 0.4, while maintaining minimal perplex-
ity degradation and less than 5% reduction in
downstream task performance.

2. We identify the statistical distribution mis-
matches between decomposed low-rank cores
(which was causing significant challenges dur-
ing downstream adaptation) and propose a
novel core distribution equalization frame-
work that improves decomposition stability.

3. We extensively evaluate both direct and pro-
gressive compression strategies across multi-
ple model families and scales, demonstrating
consistent improvements over existing SVD-
based compression approaches under high
compression regimes.

These findings highlight the importance of adaptive
decomposition and distribution-aware optimization
in enabling reliable high-ratio compression. Core
equalization codes are released here .

2 Related Work

While LLMs have redefined Al capabilities, its
wide-spread deployment has been constrained by
compute and memory limitations. Compression
techniques have been explored to address this issue.

Model Pruning removes redundant parameters
to reduce model complexity. Unstructured pruning
methods (Frantar and Alistarh, 2023; Sun et al.,
2024; Yang et al., 2025b) achieve high sparsity,
while Deja Vu (Liu et al., 2023) exploits contex-
tual sparsity and SEAP (Liang et al., 2025) identi-
fies task-specific activation paths. But these high
sparsity numbers do not consistently translate to
improved latency because of hardware limitations.
Conversely, structured pruning (Ma et al., 2023;
Xia et al., 2024; Ashkboos et al., 2024) removes
entire model components, enabling more hardware-
friendly acceleration. But they typically suffer from
significant loss at high compression rates.
"https://github.com/Samsunglabs/LACE

Quantization methods have tackled the chal-
lenge of memory footprint minimization using
bit-precision reduction. Foundational methods in-
clude GPTQ (Frantar et al., 2022), SmoothQuant
(Xiao et al., 2023), and AWQ (Lin et al., 2024)
which improve quantization robustness through
second-order optimization, activation smoothing,
and salient weight preservation, respectively. More
recently, ultra-low precision methods such as 1-bit
LLM quantization have also been explored (Xu
et al., 2024). Despite their efficiency gains, quan-
tization methods often face accuracy degradation
under aggressive low-bit compression settings.
Knowledge Distillation techniques train a
smaller ‘student’ model to mimic the behaviour
of a large ‘teacher’ model, using a combination
of losses to align output probabilities & hidden
states. DistilBERT (Sanh et al., 2019) introduced
an effective distillation framework, achieving sub-
stantial reductions in model size while retaining
most of BERT’s performance. Subsequent works
such as TinyBERT (Jiao and et al., 2020), GKD
(Tan et al., 2023), and ResidualKD (On et al., 2026)
further improve representation alignment & distil-
lation objectives, enabling compact student models
with highly competitive performance. Such similar
distillation frameworks have also been successfully
applied in computer vision to create significantly
smaller models while preserving performance (Jha
et al., 2024).

Singular Value Decomposition based low-rank
compression methods have been an important
compression technique, reducing model size
by factorizing weight matrices into low rank
representations. ASVD (Yuan and et al., 2024)
introduced activation-aware scaling to preserve
important weights, while SVD-LLM (Wang et al.,
2025¢) proposed an optimal scaling strategy which
improved LLM performance. Recent works such
as ARA(Xv et al., 2026) shifted SVD-based
compression from static ranks toward fully train-
able optimization frameworks, enabling adaptive
layer-wise rank allocation guided by downstream
performance. More recently, Swift-SVD (Qi
et al., 2026) proposed a fast, training-free, and
numerically stable formulation, significantly
reducing compression overhead.

Recent advances in trainable SVD compres-
sion highlight the growing importance of adaptive
optimization strategies for maintaining model
quality under high compression. Our work builds
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on this direction by combining differentiable rank
allocation with distribution-aware core equaliza-
tion for stable and efficient SVD-based LLM
compression. Specifically, we target aggresive
compression using optimized decomposition
methods, that can be utilised in tandem with down-
stream binarization and quantization techniques to
attain close-to-base performance at a fraction of
memory cost.

3 Methods

In this work, we propose GRACE-SVD : Guided
Rank Allocation & Core Equalization - Singu-
lar Value Decomposition method, to compress
LLMs through efficient low-rank decomposition.
We identify inefficiencies in current approaches and
propose novel approaches to address them, through
our proposed two-staged setup:

¢ Data-Guided SVD Rank Allocation : We
build upon the works of (Xv et al., 2026)
to build a trainable pipeline, that determines
optimal rank per layer based on its impact
on model performance (measured through a
weighted combination of compression and
task losses). This ensures that for each target
compression, we are able to attain the most
efficient core-decomposition of each layer -
allowing the framework to generalize across
varying model scales and architectures. We
also modify the regular SVD algorithm, as
discussed in Section 3.1, to improve overall
pipeline stability and performance.

* Core Equalized Weight Re-mapping: We
notice a significant statistical dissimilarity be-
tween the decomposed cores, that adverse-
ley affects downstream learning capabilities,
across multiple PEFT and SFT techniques.
We propose a statistical remapping followed
by short-horizon logit alignment for the de-
composed cores to improve learning capabili-
ties of our final decomposed model in down-
stream tuning.

We evaluate both direct & progressive applications
of the proposed pipeline under high compression
settings, and discuss their comparative behavior
and implications in Section 4.3.2. The following
sections describe the proposed techniques in detail.

3.1 Stable SVD Framework

Consider a linear layer with weight matrix W €
R™*"  Qur goal is to decompose W into two

lower-rank matrices, A € R™*" and B € R"*",
such that » < min(m,n), achieved by preserv-
ing only the top-r singular values. This reduces
the parameter count from mn to 7(m + n) while
approximating the original transformation through
W' = AB. Optimal loss reduction is obtained by
minimization of:

r{/lvi,n L, =|[WX-WX|r st rank(W')<r

ey
where X € R™*? denotes the layer input. Fol-
lowing (Wang et al., 2025c¢), we use an activation-
aware SVD formulation, involving a Cholesky
transformation of the input activations to obtain

the whitening matrix S € R"*™. The decomposed
matrices are thus obtained as:

Usvl = svD(WS)
A=U\%,, B=yxVIis?

3}, contains the top-r singular values of W.S.

Trainable rank-allocation methods require back-
propagation through SVD, which is known to be nu-
merically unstable when singular values are nearly
identical or approach zero, causing gradient ex-
plosions during optimization (Wang et al., 2019).
Equation 1 from prior work (Wang et al., 2025a)
shows that the gradient with respect to the decom-
posed matrix depends inversely on

E,:{af-—a?, i
1) . .
1, 1=17

2

where 0, 0; denote singular values. Consequently,
gradients become unstable when o; ~ ;. To miti-
gate this issue, we adopt the stabilization strategy of
(Wang et al., 2025a), replacing the unstable inverse
term with a truncated Taylor-series approximation:

K

)
E;; oi(o; +O'j) lof;

p=0

This approximation improves numerical stability
and enables reliable gradient propagation through
SVD during rank optimization.

3.2 Guided Rank Allocation via Probability
Simplex

For any low-rank decomposition framework, select-

ing the appropriate rank for each layer is critical,

as reconstruction quality & downstream task per-

formance are highly sensitive to layer-wise rank
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allocation. Even under identical compression bud-
gets, different rank distributions across layers can
lead to significant variations in model behavior and
accuracy. Specifically, (Xv et al., 2026) introduces
a framework that utilizes a probability simplex
to decide the best rank for a specific layer. Build-
ing on this, we develop a stable and computation-
ally efficient pipeline to address the practical gaps
in the original formulation. We utilize softmax-
normalized logits to obtain the probability simplex
«, enabling differentiable & interpretable rank al-
location during optimization. This provides stable
gradient flow, avoids premature collapse to sub-
optimal rank configurations and enables smoother
exploration of the compression-performance trade-
off.

Specifically, let ajogits € R denote the
learnable logits corresponding to candidate rank
configurations. These logits are converted into a
probability simplex using the softmax function:

(1xd)

exp(alogits,i)
>~ exp(Qogits,; )

a = Softmax(ayegits) = 3)
ensuring ‘simplex’ distribution without the need to
manually ‘clip’ numbers as shown in Fig 1. Output
distribution constructs the probability mask p €
R(1*7) through a staircase matrix M € R(@x7) 2

p=aM %)

We utilize this probability mask p to compute the
rank of compression 7comp = E;:o p; as shown
in Figure 1. Thus, the compression ratio(R) for a
weight matrix W, is computed as:

(Tcomp) (M +n)

R=1- 5)

where, m and n are the weight matrix dimensions.

3.2.1 Training Objectives

Following (Xv et al., 2026), we optimize the pro-
posed framework using a combination of three ob-
jectives: (i) Cross-Entropy loss L., (ii)) Compres-
sion 10ss L¢omp, and (iii) Guidance loss L.

The cross-entropy loss preserves downstream
language modeling performance, while the com-
pression loss encourages lower effective rank uti-
lization during optimization. The guidance loss
acts as a teacher-student regularization objective
by aligning the intermediate representations of the
compressed model with those of the original model,

2A structured binary matrix where successive rows activate
progressively fewer (or more) columns

helping preserve model behavior under aggressive
compression settings.
The overall optimization objective is given by:

L= /\ceLce + )\comchomp + )‘ng (6)

The proposed rank-allocation pipeline is trained
on WikiText dataset using the combined optimiza-
tion objective until convergence. Further details
on individual loss components and implementation
specifics are covered in Appendix A.2.

3.3 Core Equalized Weight Updates

Following the decomposition formulation in Equa-
tion 2, each weight matrix W is represented using
two low-rank matrices (A and B), which we refer
to as cores. Since the decomposition is performed
through the input-aware transformed representation
W S, the resulting cores exhibit distinct statistical
characteristics after reconstruction through S~ as
shown in Equation 2.

Assuming the weights w; ; of a matrix W are
sampled from an underlying distribution fyy (-), the
corresponding core distributions can similarly be
estimated from their decomposed parameters. We
notice that there is a significant mismatch in the
distributions f4(.) and fg(.), also visualized in
Figure 2, Figure 1(b). This statistical imbalance
introduces several challenges:

1. Uneven parameter scaling across the decom-
posed cores, leading to suboptimal reconstruc-
tion behavior and unstable layer-wise repre-
sentations.

2. Reduced effectiveness of downstream adap-
tation methods (e.g., PEFT, SFT, and distilla-
tion), since both cores are optimized jointly
despite exhibiting highly different statistical
characteristics. This behaviour is illustrated
in Figure 7 of Appendix.

3. Increased quantization error at module and
layer granularity, particularly under aggres-
sive low-bit compression settings.

The differing statistical behavior of the decom-
posed cores must be accounted for during opti-
mization. While this could be handled through
separate distribution-aware gradient updates, such
approaches significantly increase training complex-
ity. Instead, we reduce the distributional mismatch
between the cores themselves while preserving the
reconstructed weight representation. To this end,
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Figure 1: GRACE-SVD: Guided Rank Allocation and Core Equalized Low-Rank Decomposition of LLMs.
(a) Data-guided rank allocation via softmax-normalized logits over stable SVD, jointly optimizing compression and
task objectives for per-layer rank selection; (b) Core equalized weight updation via Wasserstein-optimal scaling to
align decomposed core distributions, improving adaptation stability.

we introduce a novel core equalization method that
aligns the underlying weight distributions of the
decomposed cores, improving downstream adapta-
tion stability and reducing quantization error. The
core distributions are estimated using histogram-
based density estimation, which provides a simple
and computationally efficient approximation of the
underlying statistics.

3.3.1 Core Distribution Equalization

Let f4(-) and fp(-) denote the distributions of
the decomposed cores A and B. Let us denote
A’ B’ as some transformations on cores A, B re-
spectively. Our goal is to transform the cores such
that f4/(-) =~ fp/(-) while preserving the recon-
struction constraint A’B’ = AB.

To achieve this, we restrict the formulation to
linear product-preserving transformations of the
form A’ = cA and B’ = &, reducing the problem
to finding a factor c such that

fea() = fe-15(") ()

where ¢ may depend on the statistics of the cor-
responding cores A and B (i.e, ¢ = ¢(4,B)) ,
quantifying the discrepancy between the distribu-
tions. We use the Wasserstein Distance (Panaretos
and Zemel, 2019) to tackle this.

Proposition 1 Wasserstein-2 Distance of Two
Uniform Random Variables Let X ~ U(a,b) and
Y ~ U(c,d). The squared Wasserstein-2 distance
is:
Rx — Ry)?
W3(X,Y) = (ux — py)? + (12)
where pux and |y are the means, and Rx and Ry
are the ranges of X and Y respectively (Rx = b—a

and Ry = d — c¢).

®)

Directly aligning the raw weight distributions,
however, may not accurately reflect parameter
importance. As illustrated in Figure 2(a), most
weights are concentrated near zero magnitude,
while higher magnitude weights occur less fre-
quently. Despite their lower frequency, such
weights can remain important due to activation
outliers and layer-specific sensitivities. We there-
fore construct an importance distribution over the
weights (operational weight-range) and optimize
the Wasserstein distance between the correspond-
ing core importance distributions. For compu-
tational efficiency, we approximate the impor-
tance distributions using uniform distributions (Fig-
ure 2(b)).

Modern neural network weight distributions are
typically centered around zero due to standard op-
timization dynamics (Glorot and Bengio, 2010; He
et al., 2015). Empirically, we observe a similar
near zero-mean behavior. Under this assumption,
Equation 8 simplifies to

(Rx — Ry)?

WQZ(X, Y) ~ B

©)

Thus, minimizing the Wasserstein distance re-
duces to matching the ranges of the corresponding
importance distributions. Instead of directly align-
ing the raw distributions of A’ and B’, we there-
fore align their importance distributions, denoted
as f4,(-) and fL,(-), and use the resulting factor to
scale the original cores.

3.3.2 Equalization Strategies

Strategy-i: Range-Based Equalization We ap-
proximate the importance distributions using the
full value ranges of the decomposed cores. Let
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Figure 2: (a) Distribution of Core-A,B’s weight parameters of different layers (b) Weights considered important on
basis of estimated probability density (c) Equalized core distribution (purple) expected post core-equalization. The
layer model.layers.22.self_attn.o_proj of Qwen3-8B is considered for these visualizations.

the ranges of A’ and B’ be [A] . , Al .. and
- , respectively. Since A’ = cA an
B;nln BIITIE,X p i ly S. A/ A d

B = %, matching the corresponding ranges yields

Bmax - Bmin
Amax - Amin .

This equalization strategy improves distribution
alignment and stabilizes downstream adaptation, as
quantifiably explored in Sec. 4.3.1.

However, we observe that several layers ex-
hibit heavy tailed weight distributions, making full-
range alignment sensitive to outliers. In such cases,
aligning the dominant high-density regions is of-
ten more effective than matching the entire sup-
port. Motivated by this observation, we introduce
a quantile-constrained variant that limits the influ-
ence of extreme tails while preserving the majority
of important weights.

(10)

C =

Strategy-ii: Quantile-Based Equalization To
mitigate the influence of distributional tails, we
redefine the effective support of each core using
quantile-based ranges rather than the full minimum-
to-maximum extent, yielding a more faithful rep-
resentation of the core’s importance distribution
(operational weight-range). For core A’, the effec-
tive range is thus defined as

1D
(12)

A;nin = FX} ('7.4)
A;nax = Fgfl(l - VA)

where y4 = p, - tanh(Bk4), ; p, is the quantile
level hyperparameter, x4 denotes the kurtosis of
fa(-), B is a hyperparameter, and F';,'(-) denotes
the inverse Cumulative Distribution Function(CDF)
of A

Note that scaling by c preserves kurtosis and
scales p—quantiles proportionally, i.e., F;,l (p) =
cF; ' (p). Using this property, the effective range
of A’ can be written as

Ay =c(FiH(1—va) = Fyl(va)  (13)

and similarly for A’;. Matching these effective

ranges yields
[Ap
c=4/—.
Ag

The tanh(-) function is used to smoothly in-
crease tail suppression with increasing kurtosis
while remaining bounded within [0, 1]. This al-
lows heavily tailed distributions to ignore outliers
during alignment without discarding a significant
fraction of important weights. As shown in Figure
2(c), this produces substantially better distribution
alignment compared to full-range equalization.

Layer-wise Application - Note that, in both

strategies, we compute the optimal scaling factor ¢}
independently for each layer [, accounting for the
layer-specific weight distributions. This localized
approach preserves the representational capacity of
each layer while ensuring within-layer distribution
alignment. The per-layer scaling factors are com-
puted once during model initialization and applied
deterministically, introducing no additional compu-
tational overhead during training or inference.
We use quantile limit p,, = 5 x 103 (atmost 0.5%
of outlier weights can be ignored on either of the
sides) and the kurtosis scaling factor 3 = 1073,
However, we noted method stability under mod-
erate variations of these hyperparameters (Table
6 of Appendix A.4). Following compression, we
perform distillation powered short-horizon logit
alignment using Sk effective calibration samples
from the FineWeb Dataset(Penedo et al., 2024).

(14)

*Due to sequence chunking in the data loader, a larger raw
sample count is maintained to guarantee an effective size of
5,000 calibration samples.
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As formulated in Section 3.3.1, core equaliza-
tion operates as a weight-preserving transformation
on the reconstructed tensors, meaning it induces
no immediate change in standalone compressed
model perplexity or base accuracy. However, its
primary value lies in conditioning the representa-
tion space: incorporating core equalization signifi-
cantly boosts downstream transferability and sharp-
ens short-horizon logit alignment (Table 3). To
contextualize these gains against existing literature,
Table 4 benchmarks our approach against state-of-
the-art (SOTA) compression methods, demonstrat-
ing superior logit-matching fidelity across evalua-
tion horizons.

4 Results

In this section, we perform comprehensive studies
to demonstrate the reliability, robustness, and gen-
eralizability of our proposed approach. We primar-
ily evaluate our setup across various compression
percentages on the Llama (Touvron et al., 2023a,b)
and Qwen (Yang et al., 2025a) model families, esta-
bilishing generalizability and robustness. We also
provide detailed analysis of the effect of various
chosen hyperparameters and design choices. We
evaluate language modeling quality using perplex-
ity on WikiText-2 (Merity et al., 2016) and C4 (Raf-
fel et al., 2020). For Zero-shot task accuracy we use
PIQA (Bisk et al., 2020), WinoGrande (Sakaguchi
etal., 2021), OpenBookQA (Mihaylov et al., 2018),
Arc-Easy, Arc-Challenge (Clark et al., 2018) and
HellaSwag (Zellers et al., 2019) datasets.
Compression is applied to the linear projection ma-
trices in both attention and MLP blocks, using trun-
cated singular value decomposition. Unless other-
wise stated, weights are stored in FP16, and no task
specific training is performed after compression.
All methods use identical evaluation settings.

4.1 Performance | Compression Methods

We compare GRACE against a diverse set of state-
of-the-art compression approaches in Table 1, in-
cluding learnable decomposition methods (e.g.,
ARA), manual decomposition techniques (e.g.,
SVD-LLM), and widely used pruning-based base-
lines. The comparison spans multiple compression
regimes to evaluate model fidelity, robustness and
performance preservation under varying levels of
parameter reduction. For all comparative models,
the results are as reported in the source works.
Table 1 compares Qwen3-8B performance

across different compression ratios. Compared
against ARA - the strongest adaptive-rank baseline,
GRACE-SVD improves perplexity by up to 25%
under comparable compression budgets, with
gains becoming more pronounced at higher com-
pression ratios. Noticeably, the language model
capabilities of Qwen3-8B compressed by 60% (ra-
tio 0.4) using GRACE-SVD is better than 0.6 ratio
of existing baselines.

Beyond perplexity improvements, GRACE-SVD
consistently achieves stronger zero-shot perfor-
mance across reasoning and commonsense bench-
marks. At 0.6 ratio, GRACE improves average
zero-shot accuracy by approximately 25% over
ARA, indicating better preservation of downstream
reasoning capabilities under aggressive compres-
sion. Remarkably, GRACE-SVD preserves stable
performance even at 0.4 parameter ratio, indicating
effective retention of model quality under highly
aggressive compression settings.

4.2 Performance | Model Families

To validate performance across different model
families, we present our results on Llama3.1-8B
in Table 2*. GRACE achieves substantial improve-
ments in performance metrics, demonstrating ro-
bustness to variations in baseline architecture and
training data, highlighting generalizability of the
proposed pipeline. Compared to other decomposi-
tion methods, GRACE achieves a substantial im-
provement in perplexity retention. This trend con-
tinues under aggressive compression settings as
well. With nearly 0.4 parameter ratio, GRACE
manages to retain a significant portion of base
model capabilities.

A key objective of core equalization is preserv-
ing the downstream adaptability of compressed
representations. To validate this, detailed post-
compression fine-tuning results are provided in Ap-
pendix A.6.

4.3 Ablation Study

4.3.1 Comparing different Core Equalization
techniques

We compare different core equalization techniques
explored within the GRACE pipeline. Specifically,
we evaluate (i) Uniform scaling for all whitening

*ARA provides results only for Llama2 family models
within Llama family, and hence could not be compared against
Llama3.1 8B. We target expanding our setup to include this in
the future. However, to further prove robustness, we present
the results of compression on Qwen2.5-3B in Appendix A.7
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PPL | Acc. 1
Ratio Category Method Wiki2 C4 PIQA Wino OBQA Arc-c Arc-e HellaS Avg.
1.0 - Dense | 9.72 15.42 | 76.88 67.80 31.00 55.97 83.54 57.13 62.05
Pruning DLP \ 15.67 42.60 | 68.28 63.85 28.00 4232 68.14 43.60 52.37
0.8 Non-Trainable 14.44 38.72 69.64 66.06 27.80 4147 69.53 4427 53.13
Rank Selection FARMS . : . . . . . . .
Trainable Dobi-SVD 12.45 30.81 71.33 65.19 29.60 43.52 72.39 45.62 54.61
Rank Solect ARA 10.75 20.05 73.78 67.01 29.80 52.39 80.43 49.34 58.79
ank selection GRACE 10.24 17.29 74.87 68.06 30.48 53.72 83.09 50.55 60.13
Pruning DLP \ 27.78 117.86 | 60.39 56.75 17.80 2321 42.72 32.16 38.84
0.6 Non-Trainable 34.50 168.17 58.98 53.59 16.00 21.50 4078 31.00 36.98
Rank Selection FARMS . . . - : : : : .
Trainable Dobi-SVD 18.65 64.08 63.60 59.59 24.40 29.52 55.13 35.90 44.69
Rank Solect ARA 16.34 47.71 65.72 57.46 22.40 30.97 59.01 36.24 45.30
ank selection GRACE 12.17 19.12 71.33 65.42 28.84 48.96 79.00 47.84 56.90
Trainable
0.4 Rank Selection GRACE 13.91 21.55 70.05 63.20 27.22 44.74 76.16 44.13 54.25

Table 1:

Performance comparison on Qwen3-8B. We report PPL (Wiki2/C4) and Zero-shot accuracy

(PIQA/Wino/OBQA/Arc-c/Arc-e/HellaS). Lower PPL is better; higher accuracy is better. Best results in bold.

DLP - (Chen et al., 2025), FARMS - (Hu et al., 2025)

PPL |

Ratio Method Wiki2 C4
1.0  Dense 6.14 9.47
FWSVD 4782 8195
ASVD 17.55 28.41
0.8 SVD-LLM 11.82  20.05

SVD-LLM V2 8.01 11.72
GRACE 7.54 1148
0.6  GRACE 10.10 17.44
04 GRACE 12.32 19.25

Table 2: PPL comparison on LLaMA3.1-8B across com-

pression ratios. Lower is better. Best results in bold.
FWSVD: (Hsu et al., 2022), ASVD: (Yuan and et al., 2024), SVD-LLM: (Wang
etal., 2025¢c), SVD-LLM V2: (Wang et al., 2025b)

matrices using a globally selected scaling factor
(i1) Norm based scaling (iii) Min-Max range based
scaling as described in Section 3.3.2.i, and (iv)
the proposed distribution-aware scaling approach
based on quantile-based Wasserstein distance mini-
mization (Section 3.3.2.ii).

The qualitative comparisons of these strategies
is presented in Table 3, highlighting the impact
of each on overall performance and model fidelity.
Quantile-based CE reduces the drop in perplex-
ity by ~ 60%, providing a more stable model
for downstream use. While we also benchmark
against a standard Norm-Based CE > approach
in Table 3, its empirical gains remain subopti-
mal. This limitation stems directly from the fact
that norm-based methods only equalize aggregate
energy across factors rather than local dynamic
ranges; as a result, extreme-value outliers and core-

5 .
Here the scaling factor would be cporm =

wise range disparities remain largely unmitigated
compared to our range- and quantile-aware formu-
lations. We provide a concrete toy counterexam-
ple in Appendix A.5 mathematically demonstrat-
ing how identical matrix norms can mask dynamic
range disparities.

Additionally, Table 6 in Appendix A.4 presents
a study on the key hyperparameters used in the
strategy formulation, analyzing the sensitivity of
the method to different distribution truncation and
scaling configurations.

Method Wiki2 | PTB| Wiki2 Drop from Base |
Non Core Equalized  13.458  46.262 38.46%
Uniform Scaling CE ~ 11.962  23.077 23.07%
Norm CE 11.772  23.077 21.11%
Min-Max Range CE  11.392  22.965 17.20%
Quantile-Based CE 10.841  21.659 11.53%

Table 3: Ablation study on different core equalization
methods (refer Section 3.3.2) Qwen3-8B 0.7 Parameter
Ratio compression. Base Wiki2 PPL = 9.72.

4.3.2 Direct VS Progressive Decomposition

We compare direct against a progressive decom-
position strategy with intermediate core equaliza-
tion after each stage. While direct decomposition
applies the target reduction in a single step, pro-
gressive decomposition incrementally constrains
the model, allowing periodic redistribution and re-
calibration of decomposed representations. Results
in Fig 3 show that progressive decomposition con-
sistently outperforms direct decomposition, with
gains becoming more pronounced at higher com-
pression ratios. At aggressive compression set-
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tings, progressive methods improve performance
by up to 5% over direct methods, while maintain-
ing lower perplexity and stronger downstream ac-
curacy. These findings suggest that intermediate
equalization mitigates the compounded degrada-
tion introduced by direct high-ratio compression.

Effect of Compression on Language Modeling Quality

18 (Lower PPL is Better)

—8— Direct Decomposition 16.80
Progressive Decomposition

16

14
13.91

12

Perplexity (PPL)

10

0.8 0.6 0.4
Compression Ratio

Figure 3: Wiki2 Perplexity comparison for direct de-
composition versus progresive decomposition across
Qwen-3 8B model. Progressive decomposition reaches
the target ratio through intermediate compression ratios
before the final step. We use the setup of 0.1->0.2... for
progressive decomposition

4.3.3 Impact of logit alignment

As discussed in Section 3.3, we employ a short-
horizon logit alignment stage to efficiently recover
the initial performance drop inherent to any de-
composition method. To isolate the efficacy of
our guided rank-allocation and equalization meth-
ods from the effects of this post-compression cal-
ibration, we establish a controlled baseline com-
parison. We applied an identical logit alignment
procedure to Dobi-SVD and ARA methodologies
(using our own implementation). Table 4 details
the results for the Qwen3-8B model at a 0.6 com-
pression ratio. Under this standardized adaptation
setup, GRACE-SVD continues to substantially out-
perform the baselines.

5 Conclusion and Future Work

We present GRACE-SVD, a trainable low-rank
compression framework combining guided rank al-
location, progressive decomposition, & core equal-
ization to improve stability under aggressive com-

pression. Across multiple model families and
Method ‘ Dobi-SVD ARA GRACE-SVD (Ours)
Wiki2 PPL | ‘ 16.41 13.34 12.17

Table 4: Ablation study on impact of logit alignment
step on closest SOTA baselines

compression settings, GRACE consistently outper-
forms existing decomposition methods, maintain-
ing lower perplexity & stronger zero-shot perfor-
mance even at 0.4 parameter ratio, where compet-
ing methods often exhibit substantial degradation.
Ablation studies further highlight the importance
of trainable decomposition and distribution-aware
equalization in preserving compressed model fi-
delity and adaptability.

Future work includes extending GRACE to
Mixture-of-Experts and multimodal architectures,
as well as developing unified end-to-end optimiza-
tion strategies to investigate how rank-allocation
strategies can be tailored to preserve the specific
structural components necessary for multi-step log-
ical reasoning, such as Chain-of-Thought (CoT)
generation and mathematical problem-solving,
which are often the most sensitive to matrix fac-
torization. Furthermore, evaluating the interplay
between matrix decomposition and advanced post-
training alignment methods presents a vital area for
ongoing research.

6 Limitations

GRACE-SVD is a trainable compression frame-
work and therefore introduces additional optimiza-
tion overhead compared to training-free decompo-
sition methods. This computational cost further
increases under progressive compression settings,
where repeated decomposition and intermediate
equalization improve robustness at the expense of
compression time.

Additionally, the optimization objectives used in
this work are primarily centered around next-token
prediction. While empirical results show preserva-
tion of downstream performance, the framework
does not explicitly optimize for retention of rea-
soning ability, factual knowledge, or instruction-
following behavior under compression. We aim
to solve this in future works. Finally, experiments
in this work are limited to dense decoder-only lan-
guage models. Extending GRACE-SVD to multi-
modal architectures, encoder-decoder models, and
MOoE systems remains an important direction for
future work.
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A Appendix

A.1 Layer-wise Rank Allocation Behaviour

The effectiveness of low-rank decomposition is highly dependent on both the layers selected for com-
pression and the degree of compression applied to each layer. Fixed rank assignment strategies assume
uniform sensitivity across layers, often leading to suboptimal reconstruction and downstream degradation.
GRACE-SVD employs a trainable rank-allocation strategy guided by a combination of language modeling,
compression, and guidance objectives. Rather than assigning absolute ranks, the optimization process
learns layer-specific compression preferences under a target budget, allowing allocation to adapt to recon-
struction sensitivity and downstream performance requirements. Figure-4 visualizes the resulting learned
compression patterns across layers, when targeting a parameter ratio of 0.7. We observe substantial
variation in retained ranks, with compression preferences differing even among neighboring layers. While
certain middle-layer regions tend to receive stronger compression, the allocation remains non-uniform,
suggesting that layer importance under decomposition cannot be captured through fixed heuristics alone.
These observations reinforce the importance of Guided Rank Allocation and indicate that the combined
optimization objective enables GRACE-SVD to identify more effective decomposition strategies under
aggressive compression settings.

Compression Ratio vs Blocks for All Layers

—o— self_attn.q_proj
107 self_attn.k_proj
—8— self_attn.v_proj
—o— self_attn.o_proj
—8— mip.gate_proj
—8— mip.down_proj
mlp.up_proj

0.8

4
o

Compression Ratio
o
»

0.2

0.0 1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
Block Number

Figure 4: Variation in layer-wise compression to attain an effection target compression of 30% with QWEN3-8B

A.2 Training Hyperparameters and Optimization Dynamics

The guided rank-allocation pipeline is optimized using a weighted combination of language modeling,
compression, and guidance objectives, balancing reconstruction quality with aggressive compression
under a target budget. All the three components of the loss i.e. Lee, Leomp and Ly can be understood from
the following equation:

L = A\ CE ( f (a: {ai};?:l) y) +Xcomp (R — Ruarger) +AgLg (15)
Lee Leomp

where, {ai}gzl represents the probability simplex as discussed in Section 3.2, f is the LLM function, and
(z, y) are the input text and the corresponding label. R represents the compression ratio as represented
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in the Equation 5. Furthermore, the Guidance Loss L, is calculated using a value, I representing the
information retained by the model at the current compression ratio 2. Thus, L, is defined by:

I 0 ifIrg>(1-R)
97 \R ifIg<(1-R)

Hyperparameters were selected empirically to ensure stable optimization while preserving downstream
performance. Table 5 summarizes the primary training settings used across experiments. We use Fully
Sharded Data Parallel (FSDP) training to shard model parameters across devices, significantly reducing
GPU memory requirements during optimization. Additionally, SVD is precomputed and stored along
with whitening matrices such that loading these matrices is avoided repeatedly, thus reducing the number
of Cholesky computations, improving runtime efficiency while reducing GPU memory overhead. All
trainings are run on 4.X A6000 Nvidia GPUs.

Figure 5 illustrates the evolution of total loss L during training. We observe smooth convergence across
competing objectives, indicating stable optimization of the rank-allocation process.

Table 5: Hyperparameters used for guided rank allocation training.

LR Aee Ay Acomp || Optimizer Batch Size Dataset
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Figure 5: Loss curve for total loss L in Equation 15
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Figure 6: (a) Distribution of Core-A,B’s weight parameters of different layers (b) Weights considered important on
basis of estimated probability density (c) Equalized core distribution (purple) expected post core-equalization. The
layer model.layers.22.self_attn.o_proj of Qwen3-8B is considered for these visualizations.
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A.3 Core Distribution Analysis

In low-rank decomposed weights, core tensors corresponding to dominant singular values capture the
most critical information. However, their parameter distributions vary significantly across layers and cores,
causing imbalanced compression. Figure 6(a) shows this heterogeneity across Core-A and Core-B. We
identify disproportionately important parameters via their estimated probability density (Figure 6(b)), and
our core equalization redistributes them into a balanced representation (Figure 6(c), purple), preventing
any single core from dominating the compressed model.

Core-A Frobenius Norm Core-B Frobenius Norm
152.50 8.50
152.25 8.25
152.00 8.00
£ £
S S
215175 2775
w n
3 151.50 3750
c c
2 151.25 2 7.25
o ’ o
o I
151.00 7 7.00
150.75 6.75 1
150.50 6.50
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Number of Steps Number of Steps

Figure 7: Variation in Frobenius Norm of decomposed cores in model.layers.5.mlp.up_proj layer of Qwen3-8B
during fine-tuning on summarization dataset. Observe that Core-A is not learning when compared to Core-B.
Core-A has just 0.5% change in norm - which is just a minor noise.

A.4 Core Equalization Hyperparameter Sensitivity

Core equalization introduces two hyperparameters: the probability threshold p, (core fraction) and the
smoothing strength 3. We sweep p, € {10745 x 1073,1073,102} and 8 € {107%,1072,1073,10~%}
on Qwen3-8B at 0.7 parameter ratio (Table 6). Too-small p, (10~ under-equalizes; too-large (1072)
over-smooths. The optimum at p, = 5 x 1073, 3 = 1073 yields the best Wiki2 PPL of 10.841.

Dz A

10-! 1072 10% 107*
1074 11207 11.201 11.193 11.186
5x 1073 10986 10.968 10.841 10.849
103 10985 11.111 11.110 11.110
1072 11228 11.193 11.192 11.194

Table 6: Sensitivity analysis of hyperparameters p, and 8 on WikiText-2 perplexity of Qwen3-8B 0.7 Parameter
Ratio compressed model, which were used in Core Equalization Method 3.3.2.

A.5 Toy Counterexample: Failure of Norm-Based Equalization

To illustrate the fundamental limitation of norm-based equalization, consider two decomposed factor

matrices A, B € R?*2:
1 -1 V2 0
A_[l 1}, B_[O —ﬂ]' (16)

Norm-Blindness of Standard Balancing: The Frobenius norms of both matrices are identical:

|AllF =12+ (=12 + (-1)2 + 12 =V4 =2, (17)

IB|F = \/(\/5)2+02+02+(—f2)2=\/1=2. (18)

Under a norm-based equalization method, the scaling factor c is determined by the norm ratio:

o [iBle _
norm — -
Al
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Because chorm = 1, the transformations degenerate to the identity (A’ = cA = A and B’ = B/c = B).
Consequently, norm balancing performs no equalization, leaving the substantial dynamic range mismatch
between A € [—1,1] and B € [—1/2, /2] completely unresolved.

Resolution via Range-Aware Equalization: Our proposed methods (Section 3.3.2 determines the
scaling factor c using the dynamic bounds of the matrix entries:

BmaX_Bmin 2\& 1/4
=/ =1/ —1\/V2 = 2l/4,
¢ Amax_Amin 2-1 f

. . . . o o 1 .
Applying this scaling yields the transformed cores A’ = cA and B’ = +B:

ol/4  _ol/4 91/4 0
I I __
A= |:_21/4 21/4 :| ’ B = |: 0 _21/4:| :

Both A’ and B’ now share the exact balanced operational range [—+/+/2, v/ /2] while strictly preserving
the underlying reconstructed product A’'B’ = (cA)(1B) = AB.

Empirical Impact: This theoretical distinction directly reflects in downstream language modeling per-
formance. On QWEN3-8B under a 0.7 parameter compression ratio, our quantile-based core equalization
achieves a WikiText-2 perplexity of 10.841, significantly outperforming norm-based equalization (11.772)
by a verified 7.9% relative reduction and 10% overall reduction with respect to baseline in perplexity
degradation.

A.6 Fine-Tuning Stability of Compressed Models

To further evaluate the quality of compressed representations, we study the post-compression supervised
fine-tuning behavior. While reconstruction metrics & perplexity capture compression fidelity, downstream
adaptation provides valuable insight into the trainability and representational robustness of compressed
models. In particular, we analyze whether core equalization improves optimization stability during
downstream adaptation.

We fine-tune compressed models on summarization and dialogue generation tasks using a random
subset of 200K samples from Flan-Dialog (Wei et al., 2021) and summarization datasets for one epoch.
We used Adam Optimizer with a batch-size of 32 and a learning rate of 1e — 5. Performance is evaluated
using ROUGE-L and LL.M-as-a-judge scores (Fig.8). Across all compression settings, GRACE-SVD
rapidly adapts to new tasks, preserving strong downstream performance even when initialized from com-
pressed non-instruction models. These observations suggest that GRACE-SVD does not merely preserve
reconstruction quality, but also maintains sufficient representational capacity for efficient downstream op-
timization through SFT methods; making it highly amenable to practical deployment in edge-applications.

A.7 Generalization to Smaller Dense Models: Qwen3-3B

To evaluate the robustness of GRACE-SVD across model scales, we apply the proposed pipeline to
Qwen3-3B, a smaller dense language model. Under automatic rank selection with moderate compression,
GRACE-SVD maintains competitive perplexity. These results indicate that the proposed compression
framework remains effective even for lower-capacity dense models, preserving strong compression-
performance tradeoffs. We further study whether compressed smaller models retain the ability to adapt to
downstream tasks, using the previously described setup. Despite compression, GRACE-SVD preserves
strong downstream adaptability, with compressed models achieving performance close to fine-tuned dense
baselines across automatic and judge-based evaluations.

A.8 Qualitative Summarization and Dialog results

Tables 8 and 9 present qualitative examples for dialog and summarization tasks, respectively. Both the
fine-tuned versions of Dense Qwen3-8B model and the 0.8 parameter ratio GRACE-SVD model produce
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Compression vs Performance (Dialog) Compression vs Performance (Summarization)

28 Minimal Quality Drop with Significant Size Reduction 22 3 Minimal Quality Drop with Significant Size Reduction 30
ROUGE-L Score (Dialog) ’ ROUGE-L (Summarization) ’
27 —e— Average LLM-as-judge Score 3 —e— Average LLM-as-judge Score
26
25.51 25.48 30
= 2.00 25.08 24.96 5 29.40 29.38 273
g 197 20§ 52 28.80 g
g 2 H H
22 1,91 5 : 2,49 o 2817 | ¥
5 1.90 2 2 28 s
52 2y 2 230 236 2422
< 92 £27 w2
§ = L gs
M g 326 3
g g g
> ) 325 214
3 3
10 24
16
18 23 18
7 2
Base QWEN-8B Model 20% c 40% c 60% c Base QWEN-8B Model 20% compressed 40% compressed 60% compressed
15.62G8 12.49G8 9.37G8 6.24G8 15.62G8 12.49G8 9.37G8 6.24G8
(a) Performance on dialog task (b) Performance on summarization task

Figure 8: Task-specific comparison after finetuning of GRACE-Qwen models (VRAM in axis labels). Prompts used
for LLM-as-judge are as defined in (Chiang and Lee, 2023) . We use GPT-OSS-120B for evaluation

‘ . ‘ PPL Summarization Dialog

Ratio ikiText)
| | (WikiText) | ROUGE-L | LLM-as-Judge | ROUGE-L | LLM-as-Judge |
| 1.0 | 6.89 | 27.45 | 2.28 | 26.38 | 1.90 |
| 085 | 7.94 | 26.41 | 2.07 | 24.29 | 1.82

Table 7: Results on Qwen3-3B. PPL is computed post GRACE. Task specific scores are computed post fine-tuning
as detailed in Main paper

fluent, factually grounded outputs. The compressed model occasionally omits secondary details or shifts
factual emphasis, but does not introduce hallucinations—reflecting a natural salience variation from the
information bottleneck rather than a quality degradation, consistent with our quantitative results.
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Dialog Context

‘ Dense Model

0.8 Ratio (GRACE-SVD)

Anonymous 1) What are the Panisma-
has? Anonymous 2) Panismahas The
Panismahas or Panimaha were a sub-
group of the Pawnee. Anonymous 1)
When did they settle in the US? Anony-
mous 2)

The Panismahas were part of the
Pawnee migration to the Platte River
valley in the 17th century.

They settled in the US in the 1870s.

A dialog between 2 people: [+] What are
the main types of communities and so-
cial groups in Australia? [+] Madjandji
The Madjandji, also known as the “Ma-
jaiji,” are an indigenous Australian peo-
ple in the area south of Cairns in the
state of Queensland. [+] What language
did the group speak? [+]

They speak the Madjandji language,
which is part of the Pama-Nyungan
language family.

They speak the Madjandji language,
a dialect of the Yidini language.

— Who is Grete Jalk? — Grete Juel Jalk
(1920-2006) was a Danish furniture de-
signer. — What are some of her notable
achievements? — Did she achieve any
other things?

She was one of the first women to
become a member of the Council of
Industrial Design in Denmark.

She was the first woman to be ap-
pointed head of the Royal Danish
Cabinet of Fine Arts in 1972.

+Where does David Malpass live?
+Malpass and his wife, Adele, live in
New York City. +What is the most in-
teresting thing about David Malpass?
+Adele Malpass was appointed as the
Chairwoman of the Manhattan Republi-
can Party in January 2015.

The Manhattan Republican Party is
the local party organization of the
Republican Party in New York City.

The Manhattan Republican Party is
the largest and most influential Re-
publican Party organization in New
York City.

Table 8: Qualitative comparison of dialog responses between the dense model and the GRACE-SVD model. Both
models generate coherent and grounded responses, demonstrating that GRACE-SVD preserves generative quality
even at significant compression ratios.
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Article

Dense Model

0.8 Ratio using GRACE-SVD

Martina Hingis will play
her first singles match
since 2007 on Saturday
when they faces Poland’s
Agnieszka Radwanksa in
the Fed Cup for Switzer-
land. Hingis won all five
of her Grand Slam titles by
the age of 18 and had the
world at her feet, before re-
tiring at the age of 22 in
February 2003 due to in-
juries. ..

Martina Hingis will play her first singles match since 2007 on
Saturday. Hingis won all five of her Grand Slam titles by the
age of 18. The 34-year-old was ranked No 1 in the world for
209 weeks. Hingis retired in 2003 due to injuries but came back
in 2005. She was banned for two years in January 2008 after
failing a doping test. Hingis returned again at Wimbledon 2013
and has been playing doubles.

Martina Hingis will play her first singles match since 2007 on
Saturday. The 34-year-old will face Agnieszka Radwanksa in
the Fed Cup for Switzerland. Hingis won all five of her Grand
Slam titles by the age of 18. The 34-year-old was ranked No 1
in the world for 209 weeks in her prime.

A father whose 20-year-
old daughter was found
murdered in Iowa last year
made a desperate plea from
China for U.S. authorities
to do more in tracking
down her killer, six months
after the girl’s body was
discovered. ..

Tong Shao, 20, went missing in September 2014 and her body
was found three weeks later in her car trunk. Police say her
boyfriend, Xiangnan Li, 23, is wanted for her murder. He is
believed to have been the last person to see her alive. Li left
Iowa less than two days after she went missing and flew to
China. Her father has pleaded with U.S. authorities to do more
to find her killer. Li is wanted for murder in the U.S. but there
is no extradition treaty with China.

Tong Shao, 20, went missing in September 2014 and her body
was found in her car in Towa City. Police say her boyfriend,
Xiangnan Li, 23, was the last person to see her alive. He left
Towa for China two days after she went missing and has not
been heard from since. A warrant has been issued for his arrest
in the murder of Tong Shao.

Sam Bennett has revealed
the extent of the shocking
injuries he sustained after
the Bora-Argon 18 cyclist
was involved in 50-rider
pile-up in the final kilome-
tre of the Scheldeprijs one
day Classic. ..

Sam Bennett was involved in a 50-rider pile-up at the Schelde-
prijs. The 24-year-old was taken to hospital after the crash in
Belgium. Bennett suffered cuts to his back and shoulders after
the pile-up. Team Sky’s Elia Viviani also collided with a barrier
and was taken to hospital for x-rays complaining of pain in his
arm. Alexander Kristoff of Katusha won the race after avoiding
the crash.

Sam Bennett was involved in a pile-up in the final kilometre of
the race. The 24-year-old was taken to hospital after the crash
in Belgium on Monday. Bennett suffered severe cuts to his
back and shoulders in the crash. Team Sky’s Bradley Wiggins
and Geraint Thomas were both riding in the race but managed
to avoid the crash.

Judge Mary Stacey admit-
ted the victim had been
scarred psychologically by
the sexual assault but freed
Josh Sweet after serving
just two months on remand.
A burglar who broke into a
young teacher’s home and
sexually assaulted her as
she lay in bed. ..

Joshua Sweet, 20, broke into the home of a 24-year-old teacher.
He sexually assaulted her as she lay in bed, before fleeing. The
victim was left petrified and traumatised by the ordeal. Judge
Mary Stacey admitted the victim had been scarred psycholog-
ically. But she freed Sweet after he served just two months
on remand. He was given a three-year community order, 150
hours unpaid work and must register as a sex offender for five
years.

Joshua Sweet, 20, broke into the victim’s home and sexually
assaulted her. Judge Mary Stacey admitted the victim had been
scarred psychologically. But Sweet was freed after serving just
two months on remand. Victim Support charity worker said
victims deserve justice.

Table 9: Qualitative comparison of summarization outputs between the dense model and the GRACE-SVD model.
The GRACE-SVD model preserves the core factual content and coherence of the summaries, demonstrating the
effectiveness of the proposed compression strategy. Article texts are truncated for brevity (indicated by ...).
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