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Abstract

Approaches for compressing large-language models using low-rank decomposition have made strides, particularly
with the introduction of activation and loss-aware SVD, which improves the trade-off between decomposition rank and
downstream task performance. Despite these advancements, a persistent challenge remains–selecting the optimal
ranks for each layer to jointly optimise compression rate and downstream task accuracy. Current methods either rely
on heuristics that can yield sub-optimal results due to their limited discrete search space or are gradient-based but
are not as performant as heuristic approaches without post-compression fine-tuning. To address these issues, we
propose Learning to Low-Rank Compress (LLRC), a gradient-based approach which directly learns the weights
of masks that select singular values in a fine-tuning-free setting. Using a calibration dataset, we train only the
mask weights to select fewer and fewer singular values while minimising the divergence of intermediate activations
from the original model. Our approach outperforms competing ranking selection methods that similarly require no
post-compression fine-tuning across various compression rates on common-sense reasoning and open-domain
question-answering tasks. For instance, with a compression rate of 20% on Llama-2-13B, LLRC outperforms the
competitive Sensitivity-based Truncation Rank Searching (STRS) on MMLU, BoolQ, and OpenbookQA by 12%,
3.5%, and 4.4%, respectively. Compared to other compression techniques, our approach consistently outperforms
fine-tuning-free variants of SVD-LLM and LLM-Pruner across datasets and compression rates. Our fine-tuning-free
approach also performs competitively with the fine-tuning variant of LLM-Pruner.

Keywords: LLM Compression, Low-Rank Decomposition, Rank Selection

1. Introduction

Large language models (LLMs) such as GPT-
3 (Brown et al., 2020) and LLaMA (Touvron et al.,
2023) show remarkable results in natural language
understanding and generation tasks. These mod-
els are not just pivotal in zero-shot language mod-
elling but also extend their utility to applications
such as code generation (Chen et al., 2021), con-
versational agents (Kumar et al., 2023), and per-
sonalised education (Kasneci et al., 2023). Despite
the success of these models in solving a wide range
of tasks, their use is limited by high computing
and memory requirements. For example, LLaMA-2
comes in 7 billion and 40 billion parameter vari-
ants (Touvron et al., 2023), requiring 25.79 GB and
153.87 GB of memory, respectively. As these mod-
els grow, various compression techniques have
been developed to reduce their size.

Quantisation, which reduces the number of bits
required to represent each parameter, is widely
used to compress language models (Dettmers
et al., 2022; Frantar et al., 2023; Lin et al., 2024).
As an alternative to quantisation, other works ex-
plored the structural pruning of LLMs (Ma et al.,
2023; Xia et al., 2024). These works follow two
stages for compression: first, pruning for model
compression and then a training stage to recover
performance (Ma et al., 2023; Xia et al., 2024).

In addition to quantisation and pruning, recent
works show that applying low-rank matrix decom-

position techniques can also compress and reduce
the memory requirements of language models (Hsu
et al., 2022a; Li et al., 2023; Yuan et al., 2024; Wang
et al., 2025; Wong et al., 2025).

Recent methods have further refined low-rank
compression through weighted or activation-aware
singular value decomposition, a variant that
makes the decomposition loss-aware or activation-
aware (Hsu et al., 2022a; Yuan et al., 2024; Gao
et al., 2024; Wong et al., 2025). Nevertheless,
a persistent challenge across these low-rank ap-
proaches is the selection of optimal layer-wise
ranks, which ultimately governs the achievable bal-
ance between parameter reduction and model fi-
delity.

Given that research has shown that different lay-
ers of a language model may have different opti-
mal compression rates (Yuan et al., 2024; Nawrot
et al., 2024), using a constant rank across layers
may not be an effective solution. To address this
problem, Yuan et al. (2024) proposes a heuristic
named Sensitivity-based Truncation Rank Search-
ing (STRS), which iteratively searches for optimal
ranks per layer by evaluating model perplexity on a
small calibration set. Despite proving better than
a naive selection of constant compression ratios
across layers, this approach has two core prob-
lems that can lead to suboptimal solutions. First,
the search space of ranks is a discrete set of only
10 elements, significantly restricting the number
of options available for the ranks. Second, the
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optimal decomposition of each layer is identified
independently, without taking into account the de-
composition of the other layers.

On the other hand, (Gao et al., 2024) proposed a
rank selection approach to learn the optimal ranks
through gradient descent. In Adaptive Rank Selec-
tion (ARS), a binary masking mechanism is used
for optimising the number of ranks through training
(Gao et al., 2024). Using GRUs (Dey and Salem,
2017) and linear projections, ARS introduced a
learnable singular value masking layer into the SVD
reconstruction from which the rank was extracted.
However, a key shortcoming is that rank selection
using ARS leads to heavy performance degrada-
tion and requires an expensive post-compression
training stage. Moreover, the work does not explore
optimal methods to convert the learned mask into a
final low-rank model. Similar to this approach, prun-
ing techniques as (Wang et al., 2020b) have also
explored learning singular value masking for com-
pression; however, unlike ARS, it performs training
of the entire model and focuses on smaller models
like BERT. To address these problems in rank selec-
tion in low-rank decomposed models, we propose
a method called Learning to Low-Rank Compress
(LLRC).

LLRC can learn the optimal per-layer factorisa-
tion ranks by introducing a singular value selection
mask Σm into the matrix reconstruction, which is op-
timised via gradient-based optimisation; Fig. 1 pro-
vides a high-level outline of the method. The mask
Σm is trained using a multi-objective loss function
that enables the balancing of compression costs
and downstream task performance. This training
approach is lightweight, as it only requires gradient
computation for the linear singular value masking
layers rather than for the entire model. Following
training, after the overall desired compression rate
is achieved, the masks are directly utilised to select
the optimal number of singular values. We also
define an optimal approach to handle effectively
uncompressed layers after training to improve per-
formance. To summarise, our key contributions are
the following:
• A fine-tuning free technique for LLMs called

Learning to Low-Rank Compress (LLRC) to learn
optimal singular values for each layer through
training on a small calibration dataset.

• A learnable singular value masking linear param-
eter that learns, in a fine-tuning-free setting, to
select the most optimal any-k singular values for
compression of LLMs.

2. Related Work

Model compression is a crucial field in deep learn-
ing that focuses on reducing the computational
costs associated with deploying models while main-

taining their performance. There are several ap-
proaches to neural network compression, including
pruning (Han et al., 2015; Zhu and Gupta, 2017;
Ma et al., 2023), quantisation (Bai et al., 2021; Xiao
et al., 2024), and low-rank factorisation, the focus of
this work. Specifically in natural language process-
ing (NLP), there have been various efforts along
these lines. Early work aimed to reduce the num-
ber of parameters in LSTMs. For instance, (Winata
et al., 2019) applied low-rank decomposition tech-
niques such as Semi-NMF and SVD for LSTM com-
pression and compared the results to pruning. In
contrast to performing low-rank factorisation on a
trained model, other works applied tensor decom-
position to re-parameterise the model architecture
for training (Yang et al., 2017; Pan et al., 2019;
Zangrando et al., 2023).

More recent works focused on applying low-
rank factorisation to compress language models
without full re-training (Yuan et al., 2024; Hsu
et al., 2022a; Wang et al., 2025; Wong et al.,
2025). Rather than minimising the reconstruc-
tion error of the weight matrix directly, weighted
SVD methods incorporate additional information—
such as gradient statistics or input activations—to
re-weight the decomposition so that components
more influential to downstream behaviour are pre-
served. For instance, (Hsu et al., 2022a) develops
a weighted singular value decomposition approach
called Fisher-Weighted SVD (FWSVD) that uses
Fisher information to preserve model performance
on a given downstream task, outperforming naive
SVD for compression (Hsu et al., 2022a). Simi-
larly, Activation-Aware SVD (ASVD) incorporates
intermediate activations into the decomposition, op-
timising for output reconstruction rather than weight
approximation (Yuan et al., 2024). Instead of min-
imising the output loss of a single transformation,
A3 minimises the output loss of a group of trans-
formations, formulating low-rank decompositions
across groups of weights (Wong et al., 2025).

In such approaches, the singular value rank
for each layer has to be determined. A rele-
vant approach is Sensitivity-based Truncation Rank
Searching (STRS; Yuan et al., 2024), which itera-
tively searches for optimal ranks per layer by eval-
uating model perplexity on a small calibration set.
STRS performs a binary search over a discrete
set of 10 pre-defined compression rates, applying
low-rank decomposition to one layer at a time while
leaving the rest of the network unchanged (Yuan
et al., 2024). ARS (Gao et al., 2024) instead tack-
les rank selection via gradient-based optimisation,
employing a recurrent neural network and linear
layers to predict binary masks over singular val-
ues, but requires an expensive post-compression
fine-tuning stage to recover performance. SVD-
LLM takes a complementary direction, focusing on
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Figure 1: Outline of the training process of our proposed method to learn SVD ranks for low-rank
compression

making the decomposition truncation-aware rather
than learning per-layer ranks (Wang et al., 2025):
it introduces truncation-aware data whitening to es-
tablish a direct correlation between singular value
magnitude and layer output error, enabling efficient
compression without a per-layer rank search.

3. Background

We now describe how Singular Value Decompo-
sition (SVD) can be used to compress linear lay-
ers. Moreover, we also briefly cover details of
ASVD (Yuan et al., 2024), a weighted SVD tech-
nique which yields higher model compression rates
at lower performance loss.

3.1. Compressing Transformers with
SVD

SVD is a fundamental matrix factorisation technique
used in various fields, including image processing
and machine learning (Chen, 2018; Yang, 2021).
The SVD decomposes a matrix W into the product
of three other matrices: Ur, Σr, and V T

r as shown
in Eq. (1):

W = UrΣrV
T
r (1)

Here, W ∈ Rm×n is a rank-r matrix, Ur ∈ Rm×r

and Vr ∈ Rn×r are orthogonal, Σr ∈ Rr×r is the
diagonal matrix of the singular values, and r is the
rank of the decomposition.

Decreasing r reduces the dimension of Ur and Vr

but worsens the approximation of W . In particular,
for any k ≤ r, it holds:

UkΣkV
T
k = arg min

rank(Wk)=k
∥Wk −W∥2 .

This would result in the storage of three smaller
matrices, U , Σ, and V , in place of a larger matrix W .
Therefore, if W is of shape (m,n), the compression
can be quantified by the parameter ratio in Eq. (2),
where r denotes the rank of decomposition:

Param Ratio =
r(m+ n)

mn
. (2)

Such an approximation can be applied to linear
layers in a transformer, such as the query projec-
tions and linear projections in the feed-forward net-
work.

3.2. Activation-Aware SVD
Activation-Aware SVD is a form of weighted SVD
that aims to minimise the reconstruction error of
the output of a linear transformation rather than
minimising the error of the reconstructed weight
matrix (Yuan et al., 2024). This approach can be
formulated as optimising the following quantity:

arg min
rank(Wk)=k

∥WkX −WX∥2 (3)

where Wk is the reconstructed weight using k singu-
lar values and X is an input into the linear transfor-
mation. This is achieved by performing SVD on WS
rather than W and then scaling the reconstructed
weight by S−1, where S is a matrix calculated from
a set of inputs X designed to capture the influence
of the input channels on the weights (Yuan et al.,
2024).

4. Learning to Low-Rank Compress

Learning to Low-Rank Compress (LLRC) centres
on applying SVD to each weight matrix targeted for
compression, followed by a learnable masking layer
that selects singular values, as shown in Fig. 1.

During training, these masking layers can adap-
tively learn highly different compression rates for
each layer. Training jointly optimises compression
and model performance using a multi-task training
objective The only learnable parameters are the
weights that control the masking, while the rest of
the model is frozen. The following sub-sections
further provide details of the training procedure.

4.1. Applying SVD
We perform SVD on all linear projection layers in the
model except for the logits layer. Given the ability of
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weighted SVD approaches to retain performance
at higher compression rates (Hsu et al., 2022b;
Yuan et al., 2024), we utilise ASVD as a drop-in
replacement for SVD in most of our experiments.
For consistency with (Yuan et al., 2024), we use
α = 0.5.

4.2. Trainable Singular Value Selection
Following decomposing a linear layer into its factors
using SVD as in Eq. (1), we introduce a learnable
mask inserted in its reconstruction to select singular
values, outlined in Fig. 1 and is defined as follows:

W = UΣ(Σmask)V
T ,Σmask = g(Wlearnable). (4)

The matrix Wlearnable ∈ R1×rank is a learnable pa-
rameter, used to generate Σmask. The learnt mask
is represented by Σmask ∈ {0, 1}1×rank and the re-
constructed weight is W ∈ Rm×n. The function
g in Eq. (4) represents Gumbel-Sigmoid (Jang
et al., 2017). Gumbel-Sigmoid re-parameterises
the Bernoulli distribution by injecting stochasticity
(Jang et al., 2017) into the learning of the masks
Σmask:

b̃t = sigmoid
[
log

b̂tu

(1− b̂t)(1− u)

]1/τ

(5)

u ∼ Uniform(0, 1) (6)

At the start of training, Wlearnable is initialised
such that the mask selects all singular values
and through training, its parameters learn sparser
masks to achieve the target compression rate. Dur-
ing training, the only learnable parameters in the
model are the newly introduced masking layers and
the rest of the model is frozen, keeping the training
process efficient.

4.3. Training

4.3.1. Distillation Dataset

On the training corpus, a set of 3000 documents,
we create a distillation dataset which contains
the hidden state of each token from the middle
layer and the hidden states from before the logits
layer (Wang et al., 2020a). The activations in this
dataset will serve as labels used during training.

4.3.2. Optimisation

The objective function focuses on minimising the
number of singular values selected, minimising the
divergence between the activations of the original
and compressed models, and enforcing the smooth-
ness of the learned masks. We aim to minimise
the total loss L, which is a weighted sum of the

compression loss Lcompression, the distillation loss
Ldistillation, and the Total Variation loss Ltv:

L = αLdistillation + βLcompression + γLtv, (7)

where α, β, γ ∈ R are hyper-parameters. These pa-
rameters are selected to guide compression rates.
This is further discussed in Section 5.4.

Compression Loss For the compression loss,
we directly minimise the mean of the learnable
weights, helping generate sparser masks and in-
creasing the compression rate.

Lcompression =
1

Nlayers

Nlayers∑
i=1

Average(Wlearnable,i)

(8)
Through this, the model can learn different com-

pression rates for every layer.

Distillation Loss The distillation loss minimises
the differences in activations between the original
model and the model being compressed using the
mean-squared error loss in Eq. (9). We use the
following distillation loss:

Ldistillation = ∥Acompressed −A∥2F , (9)

where Acompressed ∈ RL×D and A ∈ RL×D denote
the activations of the compressed and original mod-
els, respectively, where L is the sequence length
and D is the dimension of the hidden state. Follow-
ing (Wang et al., 2020a), we use the activations of
the middle layer and the hidden states before the
logits layer as targets.

Total Variation Loss Theoretically, reconstruct-
ing a weight matrix after SVD involves utilising the
top-k largest singular values sorted by their magni-
tude. Motivated by this, we introduce a Total Varia-
tion (TV) loss on the learnable mask from Eq. (4)
to encourage smooth masks — ones that select
contiguous singular values rather than skipping in-
termediate ones — which better aligns the learned
selection with this theoretical prior.

Ltv =

N−1∑
n=0

∣∣Σmask,n+1 − Σmask,n
∣∣ (10)

Here, n refers to the index of the mask vector of
length N . For example, if the 5th and 7th singular
values are selected by the mask, this loss penalises
skipping the 6th, encouraging it to also be selected.
We experimentally analyse the contribution of the
TV loss in our ablations in Section 7.2.
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4.4. Model Post-Processing

After training, we use the learned singular value
masks to select the required singular values for
compression. To obtain the binary mask, we ap-
plied a 0.5 threshold to the sigmoid of the logits,
without needing the stochastic masking operator.

If a layer is negligibly compressed (less than 1%
compressed), we reconstruct its entire weight ma-
trix using its full rank, and the layer remains uncom-
pressed. This design choice of avoiding using the
mask is crucial to maintain performance; even if the
learned singular value mask retains 90% of the sin-
gular values, compression might not be achieved
as per Eq. (2), and using the full rank will better
preserve performance. Empirically, we find this
heuristic highly effective for performance and is
explored in Ablation Section 7.3.

After training, for compressed weights, we retain
only the selected left and right singular vectors. The
corresponding singular values in Σr are absorbed
by multiplying them into Ur, yielding a single matrix
product (UrΣr)V

T
r and avoiding the need to store

Σr explicitly, reducing both storage and inference
overhead.

5. Experimental Setup

5.1. Evaluation

We evaluate the compressed model on zero-
shot PIQA (Bisk et al., 2020), BoolQ (Clark
et al., 2019), OpenbookQA (Mihaylov et al., 2018),
MMLU (Hendrycks et al., 2021) and 5-shot eval-
uations on NQ-Open (Kwiatkowski et al., 2019).
These are English datasets that cover common-
sense reasoning and open-domain QA.

5.2. Training and Data Configuration

The training dataset for LLRC consisted of 3,000
unique documents from WikiText-2 (Merity et al.,
2016). To have a greater number of token activa-
tions present per batch, all documents selected
had more than 150 words. Experiments were con-
ducted using a batch size of 4, a maximum token
length of 256, and optimised with the AdamW op-
timiser (Loshchilov and Hutter, 2019). To avoid
unnecessary training, we use early stopping, ter-
minating the training 750 steps after the target pa-
rameter ratio is achieved.

5.3. Masking Layer Initialization

The learnable weight matrix Wlearnable is initialised
such that the model starts in an uncompressed
state, selecting all singular values. Given that larger
singular values are theoretically more significant,

we introduce an inductive bias into the weight ini-
tialisation of the mask. To this end, Wlearnable is
initialised with linearly distributed values ranging
in [3, 6]. This range helps start training in a fully
uncompressed state, while the linear spread en-
codes a mild inductive bias favouring the reten-
tion of higher-indexed singular values. Following
(Nawrot et al., 2024), we use a temperature of 0.1
for the Gumbel function.

5.4. Objective Function Configuration
The objective function in Eq. (7) represents a
weighted sum of the compression, distillation, and
total variation loss. The total variation loss weight,
γ, is a constant 1. The weight on the compression
loss, denoted by β, is set to a constant value of 1
until the target compression ratio is achieved, after
which it is set to 0 to prevent further unnecessary
compression and focus on the model loss. Instead
of using a constant value for α, which is more sus-
ceptible to the initial choice, inspired by (Fu et al.,
2019), we oscillate α between two bounds, 1 and
0, using the cosine function. This also enables the
training to oscillate focus between optimising for
compression and performance.

6. Results

6.1. Evaluation Benchmarks
To evaluate the efficacy of our gradient-based rank
selection procedure, we benchmark it against a
baseline rank selection, Sensitivity-based Trunca-
tion Rank Searching (STRS; Yuan et al., 2024), and
Adaptive Rank Selection (ARS; Gao et al., 2024).
We perform extensive compression performance
comparisons on four architectures of different sizes:
Llama-2-7B, Llama-3-8B, Gemma-7B, and Llama-
2-13B. As a baseline algorithm, ‘Fixed Rate’, the
rank is selected to compress each layer equally to
the target parameter ratio. To compare fine-tuning
free-rank selection approaches, for ARS, we only
use the rank selection portion of the algorithm with-
out the post-training fine-tuning. We performed
ARS using λ=16 and γ=1 (Gao et al., 2024) on the
same dataset we used. Further details of hyper-
parameters of these approaches can be found in
Appendix Section B.

As shown in Fig. 2, our approach consistently
achieves higher accuracy across most datasets,
particularly at lower compression ratios. At a pa-
rameter ratio of 0.80, our method outperforms
STRS on Llama-2-7B by 4.3% (NQopen), 3.9%
(PIQA), and 4.6% (OpenbookQA). On Llama-2-
13B, improvements reach 12% on MMLU, 3.5%
on BoolQ, and 4.4% on OpenbookQA.

The competitive performance of our approach is
rooted in several ablation studies on how to handle
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Figure 2: Model performance using different rank selection methods: Fixed Rate (naive baseline), STRS
(Yuan et al., 2024), ARS (Gao et al., 2024), and our proposed approach.

Method Param Ratio Llama-2-7b Llama-2-13b
NQ-Open MMLU BoolQ PIQA OQA NQ-Open MMLU BoolQ PIQA OQA

Baseline 1.00 26.0 41.3 77.8 78.1 31.4 30.7 52.1 80.1 79.1 35.2
Pruner 0.90 15.5 28.5 64.8 77.3 31.0 21.2 45.4 73.4 79.4 35.2
SVD-LLM (w) 0.90 10.8 24.0 49.0 69.4 28.2 18.3 31.6 76.6 73.9 30.6
Ours 0.90 22.1 37.8 77.3 78.1 33.4 26.5 49.7 81.1 78.6 35.4
Pruner 0.80 7.8 25.1 64.6 76.2 29.0 12.6 23.2 67.2 78.3 32.2
SVD-LLM (w) 0.80 5.87 23.8 44.4 66.1 25.6 12.9 29.6 73.9 69.8 28.8
Ours 0.80 13.5 29.3 71.4 75.1 32.8 18.9 44.1 81.3 77.9 36.0
Methods with additional fine-tuning on Alpaca dataset
Pruner+Finetune 0.90 17.9 34.0 71.4 78.1 33.0 22.1 48.0 76.4 79.7 36.6
SVD-LLM+Finetune 0.90 14.9 33.0 67.6 75.3 30.6 20.7 45.1 80.0 77.6 33.8
Pruner+Finetune 0.80 11.1 26.7 67.8 77.8 30.4 16.2 32.1 72.9 79.2 35.4
SVD-LLM+Finetune 0.80 11.8 27.1 67.5 72.4 29.6 17.6 41.3 78.6 76.3 32.4

Table 1: Performance comparison between LLM-Pruner (Ma et al., 2023), SVD-LLM (Wang et al., 2025),
and our approach on LLAMA-2-7B and LLAMA-2-13B.

learning singular value masks. For instance, as
described in Ablations Section 7.3, we find that

our post-training heuristic of ignoring the learned
masks for trivially compressed layers is effective
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Figure 3: Distribution of learned compression rates across layer types and layer numbers in models that
were compressed by 20% using our approach.

in retaining performance. The numerical results
corresponding to Fig. 2 are tabulated in Appendix
Section F.

6.2. Impact of Fine-Tuning
To place our work in the broader context of model
compression, we benchmark our approach against
LLM-Pruner and SVD-LLM. LLM-Pruner (Ma et al.,
2023) is a structured pruning method that supports
both fine-tuning and fine-tuning-free variants. SVD-
LLM is a truncation-aware low-rank compression
method, which also relies on post-compression fine-
tuning for improved performance recovery (Wang
et al., 2025). Another relevant method is A3 (Wong
et al., 2025); however, we could not include it in our
benchmarks as it was recently released and lacks
a public implementation.

We conduct experiments on Llama-2-7B, Llama-
2-13B, and Llama-3-8B. Because the publicly avail-
able SVD-LLM implementation does not support
Llama-3-8B, our comparisons with LLM-Pruner
on this model is present in Appendix Section E.
Since our approach does not update model weights,
we focus primarily on comparing against the fine-
tuning-free variants of SVD-LLM and LLM-Pruner.
Nevertheless, we also report results for their fine-
tuning variants and observe that our method re-
mains competitive even when those methods lever-
age additional fine-tuning. The hyperparameters
used in these experiments can be found in Ap-
pendix Section B.

The comparative analysis in Table 1 demon-
strates that our method significantly outperforms
the fine-tuning-free variants of LLM-Pruner and
SVD-LLM on both Llama-2-7B and Llama-2-13B.
For example, at a parameter ratio of 0.80 on Llama-
2-13B, our approach surpasses SVD-LLM (w) on all
evaluated datasets and outperforms LLM-Pruner
on 4 out of 5 datasets. This demonstrates that our
rank selection approach better preserves perfor-
mance in a fine-tuning-free manner.

In the fine-tuning setting, our approach—despite
requiring no fine-tuning—consistently outperforms
SVD-LLM even when SVD-LLM is fine-tuned, and

remains competitive with the fine-tuned variant of
LLM-Pruner. At a parameter ratio of 0.80 on Llama-
2-13B, our method exceeds the performance of
fine-tuned LLM-Pruner on 4 out of 5 datasets. How-
ever, on Llama-3-8B, LLM-Pruner with fine-tuning
achieves higher accuracy than our method, as
shown in Table 2.

6.3. Insights into Learnt Compression
Rates

To understand the robustness of our rank selection
method, we analyse how our training procedure
discovers optimal compression strategies. To do
this, we examine the learned singular value masks
across different models after training. As visualised
in Fig. 3, the learned compression rates demon-
strate that optimisation captures the varying com-
pressibility of layers: earlier layers, along with key
and query projection layers, consistently exhibit the
highest compression rates across all models, while
feedforward layers (up/down projections) remain
largely uncompressed.

7. Ablations

7.1. Selecting Any-k Singular Values vs
Top-k

Theoretically, when selecting k singular values for
retention, the optimal choice to minimise recon-
struction loss would typically be the top k singu-
lar values by magnitude. However, our approach,
which allows the mask to learn to select any k singu-
lar values rather than strictly the top k, has shown
strong practical performance despite limited theo-
retical backing.

We compressed the LLaMA-2-7b model and per-
formed evaluation using both the top-k and any-k
singular value selection. Results in Figure 4 demon-
strate that in the lowest parameter ratio of 0.80, any-
k mask outperforms the top-k mask on all datasets.
Significant gains are seen in open-domain QA with
any-k performing 4% better at parameter ratio 0.80.
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Figure 4: Evaluation performance of Llama-2-7b
with using any-k and top-k masking

7.2. Introduction of Total Variation Loss
Motivated by the theoretical understanding that
higher singular values are more relevant, we used
the Total Variation (TV) loss to guide our learned
masks to be smooth.

0.90 0.85 0.80
Param Ratio

15

20

A
cc

ur
ac

y

Performance on NQOpen

Method

w/o tv
tv

0.90 0.85 0.80
Param Ratio

30

35

A
cc

ur
ac

y

Performance on MMLU

Method

w/o tv
tv

0.90 0.85 0.80
Param Ratio

75

76

77

78

A
cc

ur
ac

y

Performance on PIQA

Method

w/o tv
tv

0.90 0.85 0.80
Param Ratio

30

32

34

A
cc

ur
ac

y

Performance on OpenbookQA

Method

w/o tv
tv

Figure 5: Evaluation performance of Llama-2-7b
with and without using total variational loss

To validate this hypothesis, we compressed the
LLaMA-2-7b model to various target parameter ra-
tios, using and without using the total variational
loss. Results in Figure 5 demonstrate the efficacy
of introducing the total variational loss. On NQ-
Open, MMLU and PIQA introducing this loss func-
tion consistently leads to higher performance. On
OpenbookQA, this loss function leads to higher
performance on parameter ratios of 0.85 and 0.80.

7.3. Post-Training Model Conversion
As outlined in Section 4.4, we finalise model com-
pression by retaining only the singular vectors se-
lected by the mask. However, as implied by Eq. (2),
even if the learnt layer drops singular values, it does
not always lead to compression. In cases where
layers remain effectively uncompressed, we find it
highly effective to disregard the learned masks for
these layers and instead reconstruct the original
matrix as a standard linear layer. This approach is

not only theoretically justified but also empirically
validated, as illustrated in Fig. 6.
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Figure 6: Performance comparison with and with-
out our heuristic for compression: Llama-2-7b

By applying this heuristic, our method consis-
tently outperforms baseline approaches on nearly
all downstream tasks. To the best of our knowledge,
this has been unexplored in prior gradient-based
rank selection compression methods.

8. Conclusion

We introduced Learning to Low-Rank Compress
(LLRC), a gradient-based compression method
that learns optimal SVD ranks from a small cali-
bration set. By casting rank selection as a learn-
able mask vector, LLRC trains more efficiently than
search procedures that rely on recurrent neural net-
works (e.g., ARS) and, unlike most alternatives,
retains any-k rather than just the top-k singular val-
ues. Empirically, LLRC consistently outperforms
all prior rank-selection approaches across Llama-
2-7B/13B, Llama-3-8B, and Gemma-7B; at 20%
compression on Llama-2-13B, for example, it im-
proves over STRS by 12% on MMLU and by 4%
on OpenbookQA. Compared to existing compres-
sion techniques, our fine-tuning-free method out-
performs LLM Pruner and SVD-LLM (without fine-
tuning) on various compression rates. Compared
to their fine-tuning variants, it outperforms SVD-
LLM and remains competitive with LLM-Pruner. Be-
yond raw performance, the learned parameterised
masks also reveal systematic compressibility pat-
terns, which may provide insights for general com-
pression research.

9. Limitations

The architecture in our proposed method for com-
pression employs a linear mask to selectively
mask singular values during an SVD reconstruc-
tion. While this approach simplifies the training
process, it introduces some limitations related to
memory usage during training. During training, to
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select singular values, the weight matrices are de-
composed into their full rank, which results in a
higher number of parameters in each layer com-
pared to the original configuration, as described
in Equation 2. Additionally, at higher compression
rates, such as 20%, we observe more degradation.
We believe this can be a limitation of current SVD
approaches (ASVD, Fischer SVD) and their abil-
ity to minimise reconstruction loss of the weights
with fewer singular values. Exploring the synergy
between learnable rank selection and component-
wise decomposition techniques, such as A3 (Wong
et al., 2025), may therefore be a promising direction
for future work.
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A. Training Details

A.1. Distillation Scale Parameter
The distillation scale parameter α in Equation 7
equations below:

z = cos

(
2π · 10 · current_step

total_steps

)
(11)

α = min (max(z, b), c) (12)
This scaling α follows a cosine distribution that

completes 1 cycle at 10% of total training steps, and
the min value is capped at b and max c, which are
decided based on the rate of compression required.
The lower the value of b and c, the faster the model
learns the required compression rate. For llama-2-
7b, we use b=0.3 and c=1.0, for llama-3-8b we use
b=0.25 and c=0.5, for Gemma-7b, we use b=0.5
and c=1.0. As a warmup, for the first 250 steps, we
avoid any scaling and use α = 1.0.

B. Evaluation Details

B.1. ASVD STRS Hyper-Parameters
The hyperparameters for STRS ASVD are below:

• α: 0.5

• Number of Calibration Samples: 32

• Max Sequence Length: 2048

B.2. Adaptive Rank Selection (ARS)
Hyper-Parameters

The benchmarks of our ARS algorithm is based on
our implementation, which is open-sourced here:
GitHub. The dataset used is the same as one used
in our work, Wikitext-2 (Merity et al., 2016)

• Llama-2-7b: λ = 16, γ = 1, lr = 1e−3, Opti-
mizer: Adam

• Llama-3-8b: λ = 8, γ = 2, lr = 1e−3, Opti-
mizer: Adam

• Gemma-7b: λ = 8, γ = 2, lr = 1e−3, Optimizer:
Adam

• Llama-2-13b: λ = 16, γ = 1, lr = 1e−3, Opti-
mizer: Adam

For Llama-2-7b, we used λ=16 and γ=1, instead
of λ=8 and γ=2, because the former led to an ac-
ceptable NQ-Open performance at Param Ratio
0.90.

B.3. LLM Pruner Hyper-Parameters
This section outlines the hyperparameters used
for benchmarking LLM-Pruner on downstream
datasets with various compression ratios.

• Pruning:

– Block-wise Pruning:
∗ Block MLP Layer Start: 4
∗ Block MLP Layer End: 30
∗ Block Attention Layer Start: 4
∗ Block Attention Layer End: 30

– Pruner Type: Taylor
– Taylor Strategy: param_first

• Post-Training:

– Dataset: yahma/alpaca-cleaned

– LoRA Rank: 8
– Number of Epochs: 2
– Learning Rate: 1e-4
– Batch Size: 64

B.4. SVD-LLM Hyper Parameters
These are the hyperparameters for the SVD-LLM
whitening step (without finetuning):

• whitening_nsamples: 256
• dataset: wikitext2
• seed: 3
• model_seq_len: 2048

As per SVD-LLM (Wang et al., 2025), after the
whitening step, LoRA fine-tuning is performed sep-
arately for the left and right singular values. This
is the set of hyperparameters used for each of the
two fine-tuning steps.

• data_path: yahma/alpaca-cleaned
• lora_r: 8
• num_epochs: 1
• learning_rate: 1e-4
• batch_size: 64

http://arxiv.org/abs/2312.05821
http://arxiv.org/abs/2312.05821
http://arxiv.org/abs/2312.05821
http://arxiv.org/abs/2305.19059
http://arxiv.org/abs/2305.19059
https://api.semanticscholar.org/CorpusID:27494814
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https://github.com/sidhantls/
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C. Complexity Analysis of a
Low-Rank Linear Layers

C.1. Space Complexity
The compression rate of a low-rank layer is derived
in Section 3.1. As shown in Equation 2, a weight
matrix W ∈ Rm×n that originally requires mn pa-
rameters can be represented in low-rank form us-
ing only mr + nr parameters for rank r. When
r < min(m,n)/2, this representation yields a re-
duction in memory usage.

C.2. Time Complexity
When applying SVD-based compression to a
weight matrix W ∈ Rm×n, we decompose it into
two lower-rank matrices U ∈ Rm×r and V ∈ Rr×n,
where r < min(m,n) represents the compressed
rank. For efficiency, this decomposition is per-
formed after fusing the singular value vector into
the left eigenvectors.

Original FLOPs: For an uncompressed linear
layer with weight matrix W ∈ Rm×n and input X ∈
Rm×m, the matrix multiplication XW requires:

FLOPsoriginal = 2m2n (13)

Compressed FLOPs: After SVD decomposition,
the computation becomes X(UV ) = (XU)V , re-
quiring two sequential matrix multiplications:

FLOPScompressed = 2m2r + 2 ·mrn (14)

FLOP Ratio: The computational savings
achieved through low-rank decomposition is:

FLOP Ratio =
FLOPscompressed

FLOPsoriginal

=
2mr(m+ n)

2m2n
=

r(m+ n)

mn
(15)

If the FLOP ratio is < 1, we can say that fewer
number of FLOPs is required for the compressed
layer. For typical compression scenarios where
r ≪ min(m,n) and m ≈ n, this ratio approaches r

n ,
demonstrating a reduction in FLOPs of the low-rank
compressed layer.

For layers with minimal compression, for exam-
ple, only 5% compression, low-rank decomposition
can provide limited gains for that layer. For instance,
parallelisation inefficiency from requiring two sepa-
rate matrix multiplications instead of one for very
similar FLOPs. It would require additional data
movement between HBM and SRAM. That being
said, FLOP improvements can be better realised
through efficient fused kernel implementations for
low-rank linear projections.

D. Implementation of ARS

Our benchmarking of ARS (Gao et al., 2024) ini-
tially used a slight modification of the original ap-
proach, in which the full hypernetwork—including
the GRU module—was instantiated separately for
each layer to be compressed. In response to feed-
back, we later aligned our implementation with the
original paper by using a single GRU hypernetwork
shared across all layers, with only the linear projec-
tion layers instantiated per compressed layer. This
change resulted in negligible differences in perfor-
mance metrics; moreover, the initial implementa-
tion yielded slightly better results. Therefore, for
fairness and competitiveness, we report the best-
performing configuration. The full implementation
has been open-sourced here.

https://github.com/sidhantls/adaptive-rank-selection-svd
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E. More LLM Pruner Benchmarks

In addition to the models reported in Table 1, we also evaluate performance on Llama-3-8B. Because
the current open-source implementation of SVD-LLM does not support Llama-3-8B, we include another
comparison between our approach and LLM-Pruner only. The results are presented in Table 2.

Method Param Ratio LLaMA-2-7b LLaMA-3-8b
NQ-Open MMLU BoolQ PIQA OQA NQ-Open MMLU BoolQ PIQA OQA

Baseline 1.00 26.0 41.3 77.8 78.1 31.4 29.0 62.1 81.3 79.7 34.8
Pruner 0.90 15.5 28.5 64.8 77.3 31.0 17.0 41.7 68.4 77.9 31.0
Ours 0.90 22.1 37.8 77.3 78.1 33.4 19.6 44.8 71.9 77.7 32.4
Pruner 0.85 13.1 24.8 67.9 77.5 31.0 11.8 35.3 56.6 77.4 28.8
Ours 0.85 18.5 33.2 74.8 77.2 32.4 14.0 29.4 61.4 75.5 29.6
Pruner 0.80 7.8 25.1 64.6 76.2 29.0 5.5 23.0 53.5 74.2 24.4
Ours 0.80 13.5 29.3 71.4 75.1 32.8 8.6 24.8 53.5 74.1 25.4
LLM Pruner performance with additional fine-tuning on Alpaca dataset
Pruner+Finetune 0.90 17.9 34.0 71.4 78.1 33.0 19.0 48.0 76.1 79.5 35.0
Pruner+Finetune 0.85 14.7 31.4 72.2 78.7 33.0 14.7 42.9 74.4 79.0 30.8
Pruner+Finetune 0.80 11.1 26.7 67.8 77.8 30.4 10.6 32.9 70.2 78.2 29.8

Table 2: Performance comparison between LLM-Pruner and Our approach on LLAMA-2-7B and LLAMA-
3-8B

F. Tabulated Performance of Rank-Selection Models

F.1. Performance on Llama-2-7b/Llama-3-8b

Method Param Ratio LLaMA-2-7b LLaMA-3-8b

NQOpen MMLU BoolQ PIQA OQA NQOpen MMLU BoolQ PIQA OQA

Baseline 1.00 26.0 41.3 77.8 78.1 31.4 29.0 62.1 81.3 79.7 34.8

Fixed Rate 0.90 3.41 26.3 56.3 67.7 23.2 3.10 37.6 74.6 70.1 23.2
STRS 0.90 21.2 37.6 75.8 77.5 31.8 17.7 49.7 73.2 77.7 31.4
ARS 0.90 8.01 29.0 51.9 72.2 25.4 9.09 34.8 66.6 73.9 27.6
Ours 0.90 22.1 37.8 77.3 78.1 33.4 19.6 44.8 71.9 77.7 32.4

Fixed Rate 0.85 1.94 23.7 49.9 65.2 21.2 1.69 29.0 64.6 65.2 19.6
STRS 0.85 16.3 32.4 75.1 76.0 31.4 4.76 33.0 68.6 70.2 22.8
ARS 0.85 4.40 23.1 51.6 69.9 23.0 0.17 22.9 39.3 60.8 16.5
Ours 0.85 18.5 33.2 74.8 77.2 32.4 14.0 29.4 61.4 75.5 29.6

Fixed Rate 0.80 0.53 23.7 60.0 62.9 20.8 0.33 24.9 63.0 60.9 17.4
STRS 0.80 9.25 28.1 71.6 71.2 28.2 0.25 24.9 49.1 63.3 16.6
ARS 0.80 0.89 23.0 59.1 65.3 19.8 0.17 24.0 60.0 62.9 18.2
Ours 0.80 13.5 29.3 71.4 75.1 32.8 8.59 24.8 53.5 74.1 25.4

Table 3: Comparison of evaluation performance using different rank selection methods on LLaMA-2-7b
and LLaMA-3-8b. We compare Fixed Rate (naive baseline), STRS (Yuan et al., 2024), ARS (Gao et al.,
2024), and our proposed approach.

F.2. Performance on Gemma-7B
This section contains the table of metrics of Gemma-7B.
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Method Param Ratio NQ-Open MMLU BoolQ PIQA OpenbookQA
Original 1.00 25.7 62.0 83.4 80.1 32.4
Fixed Rate 0.90 2.88 33.8 71.3 67.8 26.6
STRS 0.90 14.3 45.4 81.5 78.2 31.4
ARS 0.90 15.3 29.4 67.2 76.7 30.2
Ours 0.90 13.2 49.6 77.2 76.1 32.2
Fixed Rate 0.85 0.39 27.4 62.6 59.4 19.4
STRS 0.85 2.30 29.3 70.0 64.4 27.6
ARS 0.85 7.40 24.3 60.7 73.7 27.4
Ours 0.85 11.3 37.0 78.3 75.1 34.4
Fixed Rate 0.80 0.14 23.0 56.8 57.0 18.8
STRS 0.80 0.11 23.4 51.2 60.0 21.6
ARS 0.80 2.80 23.1 54.0 71.3 27.2
Ours 0.80 8.39 33.6 75.8 74.7 34.6

Table 4: Evaluation performance of Gemma-8B using different rank selection methods

F.3. Performance on Llama-2-13B

Method Param Ratio NQOpen MMLU BoolQ PIQA OpenbookQA
Original 1.00 30.7 52.1 80.1 79.1 35.2
Fixed 0.90 13.2 41.2 79.6 75.0 32.0
STRS 0.90 27.6 49.1 80.6 78.0 35.8
ARS 0.90 11.1 39.9 74.0 75.8 30.2
Ours 0.90 26.5 49.7 81.1 78.6 35.4
Fixed 0.85 10.1 36.1 77.9 73.6 29.6
STRS 0.85 23.7 44.9 78.8 78.3 35.2
ARS 0.85 7.22 38.3 71.3 72.0 23.8
Ours 0.85 22.7 48.1 80.5 77.4 36.0
Fixed 0.80 6.4 36.3 77.7 71.5 27.8
STRS 0.80 17.5 32.1 77.8 75.6 31.6
ARS 0.80 3.13 24.7 63.2 67.6 23.8
Ours 0.80 18.9 44.1 81.3 77.9 36.0

Table 5: Evaluation performance of Llama-2-13B using different rank selection methods
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G. More Ablations

G.1. Ablation: Pre-Training Objective
G.1.1. Pre-Training Objective Ablation

In our final results, we utilised a distillation objective
that minimised the divergence between the activa-
tions of the compressed model and the original
model. While both methods lead to very similar
results, as shown in Fig. 7, indicating the flexibil-
ity of our masking training procedure, learning the
optimal ranks through distillation leads to better
generalisation on the majority of datasets. At 20%
compression, distillation outperforms pre-training
in all datasets.
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Figure 7: Comparison of performance of models
trained using distillation objective and a pre-training
objective (next word prediction)

For the pre-training objective, the same dataset
was used and documents were packed to a se-
quence length of 256 tokens.

G.1.2. Pre-Training Objective
Hyper-Parameters

The hyperparameters used in the training process
for the pre-training objective are summarised in this
section. We sampled 70,000 documents from the
Wikitext dataset (Merity et al., 2016), which was
the same data source used for the model trained
on the distillation objective. We utilised document
packing, ensuring that all documents contained
256 tokens. Besides this, all parameters, such as
optimiser, maximum number of tokens, learning
rate, and early stopping criteria, were the same as
the experiment that used distillation, as mentioned
in Section 5.2.
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