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Abstract

The ability of Large Language Models (LLMs)
to solve complex tasks has made them crucial
in the development of AI-based applications.
However, the high computational requirements
to fine-tune these LLMs on downstream
tasks pose significant challenges, particularly
when resources are limited. In response to
this challenge, we introduce L1RA, a novel
technique aimed at dynamically distributing the
rank of low-rank adapters during fine-tuning
using LORA. Given a rank budget (i.e., total
sum of adapters rank), L1RA leverages L1

regularisation to prune redundant ranks and
redistribute them across adapters, thereby op-
timising resource utilisation. Through a series
of comprehensive experiments, we empirically
demonstrate that L1RA maintains comparable
or even reduced computational overhead com-
pared to other LORA variants, including the
vanilla approach, while achieving same or better
performances. Moreover, the post-training anal-
ysis of rank distribution unveiled insights into
the specific model components requiring the
most adaptation to align with the task objective:
the feed-forward layers and the attention output
projection. These results highlight the efficacy
of L1RA in not only enhancing the efficiency
of LLM fine-tuning, but also in providing
valuable diagnostic information for model
refinement and customisation. In conclusion,
L1RA stands as a promising technique for
advancing the performance and interpretability
of LLM adaptation, particularly in scenarios
where computational resources are constrained.

1 Introduction

Large Language Models (LLMs) have revolu-
tionised Natural Language Processing (NLP) and
Artificial Intelligence (AI) (Zhao et al., 2023),
enabling sophisticated applications. LLM’s
language understanding and generation capabilities
make them suitable for an impressive number of
applications (Raffel et al., 2020; Brown et al., 2020;

Sanh et al., 2022). Moreover, their adoption as core
for chatbots (Scotti et al., 2024) have made them
essential for the final consumers of this technology.
However, to excel in these specific tasks, even
conversation, LLMs often require fine-tuning, a
process essential for tailoring their vast pre-trained
knowledge to new specific contexts and domains.
This adaptation ensures optimal performance and
task alignment, making fine-tuning a critical step
in deploying LLMs effectively.

The fine-tuning process, however, presents chal-
lenges, particularly concerning computational re-
sources. Adaptation to specific domains, such as
chatbot dialogue or instruction-following tasks, de-
mands substantial computational power, which may
be impractical or unfeasible in resource-constrained
environments. Recent advancements in efficient
fine-tuning techniques, including Low-Rank Adap-
tation (LORA) (Hu et al., 2022), prefix tuning (Li
and Liang, 2021) and the gradient-free meth-
ods like Memory-efficient Zeroth-order Optimiser
(MEZO) (Malladi et al., 2023), offer promising so-
lutions. These techniques leverage strategies like
low-rank parameterisation to reduce computational
overhead, making fine-tuning more accessible.

In this paper, we introduce L1-regularised
Rank Assignment (L1RA): a technique aimed at
enhancing the efficiency and effectiveness of LLM
fine-tuning. L1RA extends LORA by introducing
L1 regularisation to enforce rank sparsity and
dynamic rank allocation during training to get
the best from the available resources. Assuming
a given rank budget (i.e., total sum of LORA
adapter ranks), L1RA prunes redundant ranks
and reallocates them across adapters during the
fine-tuning process. We pair L1RA with our tool
Memory GPU Estimation of LLM Allocation for
Training Optimisation (MEMORY-GELATO) to
be sure to match available resources constraints.
Through a series of experiments, ranging from
small-scale analyses to comprehensive comparisons



with other fine-tuning techniques, we evaluate
the performance of L1RA. The results highlight
how L1RA can offer better comparable results to
alternative LORA variants reallocating ranks with
negligible difference in resources consumption and
better results even with respect to regular LORA.

We divide the rest of the paper into the following
sections. In Section 2, we present the related works
on efficient LLM fine-tuning. In Section 3, we
explain the reasons behind our work. In Sections 4
and 5, we describe, respectively, the L1RA
fine-tuning algorithm and the MEMORY-GELATO
tool. In Section 6, we outline the experiments to
evaluate our model and in Section 7 we present the
obtained results. In Section 8 we comment on the
results we obtained. Finally, in Section 9, we sum
up our work and suggest possible future extensions.

2 Related works

Efficient fine-tuning techniques have garnered
increasing attention lately, due to the computational
demands associated with adapting LLMs to specific
tasks. The proposed techniques evolved signifi-
cantly during the last few years. Initial approaches
like Transformer Adapters (Houlsby et al., 2019;
Bapna and Firat, 2019) introduced additional
parameters in the form of a pair of linear projections
with a bottleneck in the middle, increasing network
depth and latency, thereby hindering scalability. In
response, LORA-based solutions (Hu et al., 2022)
have emerged as a promising alternative. LORA
addresses the limitations of adapters by introducing
low-rank parameterisation, effectively reducing
the number of parameters needed for adaptation.
This technique has gained widespread adoption for
its ability to achieve efficient fine-tuning without
compromising performance. Alternative techniques
like MEZO (Malladi et al., 2023) target the training
algorithm rather than the network structure,
focusing on fine-tuning through forward passes
only, eliminating the need for backpropagation and
the subsequent overhead. Other approaches like
prefix-tuning (Li and Liang, 2021) learn only the
embeddings of a continuos prompt that can be used
as a prefix to the input to condition the LLM output
towards the desired task. Among these techniques,
LORA stands out as the most adopted due to its
effectiveness in balancing computational efficiency,
performance and ease of use.

As premised, LORA operates by introducing
pairs of low-rank matrices A ∈ Rdin×r and B ∈
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Figure 1: LORA adapters: pre-trained weights are
frozen while the two adapter matrices are updated during
the fine-tuning.

Rr×dout into the network architecture (see Figure 1);
the product ∆W∈Rdin×dout of these two matrices
encodes the weights difference induced by fine-
tuning for a specific weight matrix W∈Rdin×dout of
the pre-trained model, as explained by Equation (1).
During fine-tuning, these adapter matrices are
updated while the original LLM parameters are kept
frozen. By leveraging low-rank parameterisation,
LORA effectively reduces the computational over-
head associated with fine-tuning while preserving
the expressive power of the LLM. Moreover, this
approach has demonstrated empirically significant
improvements in efficiency without sacrificing
performance across various downstream tasks.

h=x·(W+∆W)=x·W+x·(A·B) (1)

While LORA offers notable benefits, several vari-
ants have been proposed to address specific limita-
tions or further enhance its capabilities. Examples of
these alternative solutions are those aimed at stabilis-
ing the training process, like LORA+ (Hayou et al.,
2024), which introduces a matrix-specific scaling
parameter on the learning rate to improve perfor-
mances and convergence time, and Rank-Stabilised
LORA (RSLORA) (Kalajdzievski, 2023), which
uses a rank correcting factor to prevent gradient
collapse. Other variants, like Quantised LORA
(QLORA) (Dettmers et al., 2023), aim at further re-
ducing computational complexity by heavily quan-
tising the base model weights (for reduced memory
requirements and increased inference speed) while
operating on floating-point representation of the
trainable weights (for numeric precision and, thus,
training stability), thereby improving the overall ef-
ficiency. In this paper we focus on techniques for



adaptive rank allocation. In fact, LORA adapters de-
pend on the rank hyper-parameter, which can be se-
lected dynamically for each pair of adapter matrices.
In this sense, some solutions have been proposed to
tackle the issue of rank selection in order to (i) get rid
of unused parameters and (ii) find the best possible
rank allocation allowed by the available memory.

One of the first solutions for dynamic rank alloca-
tion was presented with ADALORA (Zhang et al.,
2023), which enforces a Singular Value Decomposi-
tion-inspired (SVD-inspired) decomposition of the
adapter weights through additional regularisation
terms in the loss. Further refinements of this
technique came with Sparse LORA (SORA) (Ding
et al., 2023), which uses an intermediate gating
mechanism with L1 regularisation and proximal
gradient descent to iteratively reduce the used ranks,
and, Vector-based Random matrix Adaptation
(VERA) (Kopiczko et al., 2023), which reduces
the trainable LORA parameters through shared
random weights matrices and works on rank
allocation updating only layer-specific parameter
vectors. In parallel, Dynamic rank selection LORA
(DYLORA) (Valipour et al., 2023), proposed a
solution exploring a range of possible ranks during
training to find the optimal ones for each matrix.

3 Motivations

LORA adapters represent a valuable step towards
end-user fine-tuning of LLMs, making this
technology more accessible and customisable. The
existence of techniques like ADALORA, SORA or
DYLORA allowing for dynamic rank and pruning
(i.e., removing the i-th column in A and the i-th
row in B) are the results of advances towards better
exploitation of computational resources. Hereafter,
we highlight some points of improvement for
ADALORA and SORA (the main solutions for
dynamic rank allocation), in terms of computational
resources exploitation, that are motivating our work.

ADALORA proposes a SVD-inspired formula-
tion of the adapter:

∆W=U·Σ·V⊤=U·diag(σ)·V⊤ (2)

where U ∈ R(din×r), V ∈ R(dout×r), σ ∈ R+
0
r.

Then, it enforces an additional regularisation term
LSVD(∆W) to the loss to imposing orthonormality
on the adapter matrices.

∆W=∥U⊤ ·U−I∥22+∥V⊤ ·V−I∥22 (3)

Despite this constraint allows to interpret the
values of σ as the eigenvalues and, thus, prune
all elements corresponding to null eigenvalues in
increases the memory and time requirements of the
training process with respect to a normal LORA.

SORA builds on top of ADALORA, discarding
the SVD constraint and substituting the vector of
eigenvalues with a gating vector g∈Rr and enforc-
ing sparsity adding to the loss a L1 regularisation
penalty on g. This simple, yet effective solution,
encourages to prune all elements corresponding
to a 0 valued element in the gate, as they will be
ignored in the computation of the output (exactly
as the elements corresponding to a null eigenvalue).
The complete formulation of SORA includes the
proximal gradient update using a thresholding
function that ensures training stability. This addi-
tion is already part of the optimiser we use in our
experiments (see Appendix B for further details).
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Figure 2: Motivating example: r′ and r′′ are such that
r′+r′′=2r, so that the total amount of adapters memory
is the same with and without optimal allocation.

All the proposed solutions for dynamic rank
assignment correctly work to reduce the rank used
in the adapter matrices. However, these LORA vari-
ants are limited in the sense that they do not allow for
spare (unused) ranks re-assignment and they rather
wait for the end of training to prune the matrices.
They instead propose starting directly from higher
ranks, usually 3r/2, which increase the overall mem-



ory requirement with respect to a base LORA oper-
ating with the same resources and rank r. Consider
the toy example in Figure 2, where we have the com-
parison between the matrices of LORA with fixed
rank allocation and the matrices with performance-
optimal rank allocation. In this case we would have
a rank budget of 2r that, in the performance-optimal
allocation, is divided between r′, in the first adapter,
and r′′, in the second adapter, that r′+r′′=2r and
r′>r>r′′. In this configuration, with adapters like
ADALORA or SORA, we would need to start at
least from a rank budget of 2r′ > 2r to reach the
performance optimal allocation, which is above
the available budget of 2r. Moreover, it may be
the case where, since we are talking of constrained
resources, the model with all the adapters starting
from rank r′ would not fit in memory.

Besides the theoretical aspects of staying
within the rank budget, we also have a “physical”
constraint given by the amount of available GPU
memory. To tackle this problem we developed
the MEMORY-GELATO tool, which comes as a
complement to L1RA. Though accurate estimates
of the memory usage we can identify the starting
rank without exceeding the available resources.
Similarly to other solutions, L1RA can drop the
ranks in excess, but differently from the other takes
care of re-allocating at runtime those ranks, all of
this staying within the given budget.

In this section we described exactly the problems
we tackle with our work: how to get the best
performances given a fixed rank or memory budget?
In other words, our contribution is an algorithm
that dynamically re-allocates rank amongst adapter
matrices in order to maximise performance given a
fixed maximum memory budget available, comple-
mented with a tool for memory budget estimation.

4 L1RA
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c 2 Rr
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ai,j ⇠ N (0, �2)
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ci = 1

L1RA Adapter

Figure 3: L1RA adapters

L1RA adapters, depicted in Figure 3, extend
the LORA framework by introducing rank pruning
and reallocation mechanisms within a fixed rank
or memory budget. The goal of L1RA is to identify
the performance-optimal rank configuration in
computational constrained settings where memory
–and time– may be limited. This dynamic rank ad-
justment ensures that the model efficiently utilises
the available resources, enhancing performance
without exceeding the same constraints a vanilla
LORA adapter would have.

Mathematically, given an input vector x∈Rdin ,
we compute the output h∈Rdout of a L1RA adapter
as described in Equation (4). Where W∈Rdin×dout

is the original matrix of pre-trained weights,
∆W ∈ Rdin×dout is the adapter matrix of weights
decomposed in A∈Rdin×r, c∈Rr and B∈Rr×dout ,
and the diag(·) function outputs a diagonal matrix
with the elements of the input vector as values on the
diagonal. The rank r depends on the specific adapter
and is selected through optimisation during training.

h=x·(W+∆W)=x·W+x·(A·diag(c)·B)
(4)

The c vector we introduced, similar to the gating
system of SORA, is a technical device to ease the
enforcing of the sparsity constraint. We could have
obtained the same effect of imposing sparsity on
c (resulting from the regularisation term λ∥c∥1), by
applying the same L1 constraint to the columns of
the input projection matrix A of a regular LORA
adapter. Doing so would have resulted, however, in
much slower redistribution of rank, since an entire
column of A would need to have converged to zero
before it could be removed and reassigned to a
different matrix, whereas a single component of the
c vector falling to zero is sufficient for reassignment.
Thus, while the c vector does introduce a small
number of additional parameters, it results in faster
and more direct rank-sparsification, while not
affecting the overall transformation of the adapter.

We report the training process of a model using
L1RA adapters in the pseudocode detailed in
Algorithm 1 and we detail the rank pruning and
re-allocation process in Figure 4. The overall
training is similar to that of a model using LORA
adapters. The loss function is changed to include
the L1 regularisation term (controlled by the λ
hyperparameter) on the elements of the c vector.
Similarly to SORA, by enforcing sparsity on the c
vector through this regularisation, we achieve rank
pruning. In fact, whenever an element of c is shrunk



Algorithm 1 L1RA pseudocode
Require:

• ϑ ▷ Model parameters
• D ▷ Data
• r∈N+ ▷ Initial adapters rank

∆ϑ←{} ▷ Adapter parameters
for W∈ϑ do ▷ Initialise adapters of all layers

A←A∈Rd×r∼N (0,σ2)
B←0∈{0}r×d

c←1∈{1}r
∆ϑ←∆ϑ∪{(A,B,c)}

end for
for i∈ [0,nepochs)⊆N do ▷ Iterate over epochs

for X∈D do ▷ Iterate over training samples
L(∆ϑ) ← − ln P (X;ϑ,∆ϑ) + λ ·∑

(A,B,c)∈∆ϑ∥c∥1 ▷ Get loss
∆ϑ←∆ϑ−η ·∇∆ϑ ·L(∆ϑ) ▷

Update adapter weights
ρ←0 ▷ Initialise spare ranks
∆ϑu← [] ▷ Initialise list of unpruned adapters
for (A,B,c)∈∆ϑ do ▷ Iterate over adapters

if ∃c∈c|c=0 then ▷ Check for a rank decrease
ρ←ρ+

∑
c∈cI(c=0) ▷ Count spare ranks

(A,B,c)←fprune(A,B,c) ▷Apply pruning
else ▷ Else if not pruned

finsert(∆ϑu,(A,B,c)) ▷
Save adapter for reallocation

end if
end for
while ρ>0 do ▷ While there are spare ranks

for (A,B,c)∈∆ϑu do ▷
Iterate over unpruned adapters

if ρ>0 then ▷ if there are spare ranks
(A,B,c)←freallocate(A,B,c) ▷

Re-allocate a rank
c←c/∑c∈cc ▷ Normalise c vector
ρ←ρ−1 ▷ Update spare ranks

end if
end for

end while
end for

end for
return ∆ϑ

to 0 the corresponding column in A and row in B
–the other matrices of the adapter– can be dropped
(this is the role of the fprune(·) function).

All the spare ranks generated by this pruning
process can be re-allocated to the other, unpruned,
adapters. Whenever spare ranks are available, the
algorithm cycles over the unpruned adapters sorted
by decreasing order of the minimum value in the
c vector, so that

(Ai,Bi,ci)>(Aj ,Bj ,cj)⇐⇒min ci>min cj
(5)

and re-assigns a rank to each adapter until spare
ranks are no longer available. In other words, each
available additional rank is always redistributed
to the particular adapter which is most in need of
the rank increase, because its current rank-budget

<latexit sha1_base64="3+x9/HZ2IW1cuOEBvTbxC/mJiaU=">AAACMnicbVC7TsNAEDzzJrwCFBQ0JyKk0EQ24lUi0VAGiQSkJIrWl3U45Xy27taIyPLX0ELHz0CHaPkIbJOCAFONZna0u+PHSlpy3VdnZnZufmFxabmysrq2vlHd3GrbKDECWyJSkbn1waKSGlskSeFtbBBCX+GNP7oo/Jt7NFZG+prGMfZCGGoZSAGUS/3qTtDvEj7kyTQ2icas3hWDiA761ZrbcEvwv8SbkBqboNnfdGa7g0gkIWoSCqzteG5MvRQMSaEwq3QTizGIEQyxk1MNIdpeWn6Q8f3EAkU8RsOl4qWIPxMphNaOQz+fDIHu7G+vEP/zOgkFZ71U6jgh1KJYRFJhucgKI/NqkA+kQSIoLkcuNRdggAiN5CBELiZ5V1MLtRQYGBBTT6V+mFXy2rzfJf0l7cOGd9I4vjqqndcnBS6xXbbH6sxjp+ycXbImazHBMvbIntiz8+K8Oe/Ox/fojDPJbLMpOJ9fLaiqJQ==</latexit>

fprune(·)
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B

(a) When a null component in the c vector of an adapter
is detected, the corresponding elements of the adapter are
removed using the fprune(·) function, generating a spare rank
that will be reallocate.
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freallocate(·)
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B

(b) When a spare rank is available and a needs to be reallocated,
the elements on the target adapter are extended by the
freallocate(·) function (values are initialised as in a regular
initialisation).

Figure 4: L1RA pruning and reallocation (lighter
colours are for lower absolute values, white is 0).

is in full use, with the various components of the
c vector furthest from zero.

The ordering of unpruned adapters is performed
in Algorithm 1 by the finsert(·) function when
saving them in ∆ϑu. After the rank re-allocation
step, the training procedure reprises. This sorting
step is inspired by SVD: assuming that in high-
dimensional space the matrices A and B can be
treated as orthogonal and the c vector mimics the
diagonal of the singular value matrix.

Compared to other dynamic rank adapters like
ADALORA, SORA and DYLORA, L1RA offers
significant advantages. If we consider a model using
vanilla LORA adapters with a given rank r, since
all these other techniques do not account for spare
ranks re-allocation, they would require starting
from a higher rank initialisation to have the adapters
requiring a rank r′>r reach that value, implicitly
requiring more memory than the original LORA
would have used. In contrast, L1RA basically main-
tains almost the same memory usage by reallocating
ranks within the fixed budget (as we detail better in



Section 8, it cannot always be the same due to some
weight matrices having din or dout different from
others). Additionally, ADALORA increases the re-
quirements on time and memory by imposing SVD
behavior to the elements of the adapter through addi-
tional terms in the loss function. L1RA’s approach
avoids these additional constraints, ensuring com-
putational efficiency while achieving performance-
optimal rank configuration and maintaining
memory limits. This makes L1RA a better choice
for resource-constrained environments, offering a
balanced solution for dynamic rank adaptation.

5 MEMORY-GELATO

The MEMORY-GELATO tool is crucial to reach
full memory exploitation. In fact, it provides an
accurate estimate of the memory required to train
a model We identified the following contribution
to memory estimates:

• Model parameters, which include the weights
of all layers and the adapters and is influenced
by the numeric precision and quantisation;

• Steady state memory, that is all memory
reserved to keep track of the intermediate
states generated by passing data through the
model, the gradients and the optimiser state;

• Activation, that is the additional memory
used to memorise the activations for gradient
checkpointing (reducing the memory footprint
of gradients);

• Loss, which includes the output logits and
the memory used to compute the negative
log-likelihood;

• Other contributions, which includes all the
additional elements increasing memory, like
operations at the end of the forward pass and
the beginning of the backward pass.

To assess the goodness of MEMORY-GELATO
estimates, we compared the predicted and real
values of memory peak usage for different models,
different maximum sequence lengths and different
batch sizes. In Figure 5, we can see the difference
between the estimates and the real values; while, in
Table 1, we report quantitative metrics on estimates
goodness. Overall, the error in estimated peak
memory usage differs from the real one of a few
hundreds MBs, including the overestimate we
introduced for safety.

Table 1: MEMORY-GELATO performance in predicting
peak memory usage (MAE: Mean Absolute Error, ρ:
Spearman correlation coefficient, r Pearson correlation
coefficient).

Model MAE [MB] ρ r

MISTRAL 7B V0.3 203.05 1.0000 0.9998
LLAMA2 7B 109.80 1.0000 0.9999

LLAMA 3.1 8B 159.01 1.0000 0.9999
PHI-3 MINI 4K 146.03 1.0000 0.9998

6 Evaluation

To evaluate L1RA against other adapter approaches,
we applied it to fine-tune a LLM in a realistic
use case: assistant fine-tuning. Moreover, to
demonstrate empirically the practical advantages
of L1RA against other approaches we used
MEMORY-GELATO to configure the experiment
to maximise memory utilisation. We detail the
experimental settings in Appendix B.

We experimented fine-tuning to different LLMs
(namely MISTRAL 7B V0.3 (Jiang et al., 2023)
and LLAMA 3.1 8B (Dubey et al., 2024), both
quantised at 4 bits precision) to make sure that
L1RA is agnostic of the LLM. We selected the
OPENORCA data set (Mukherjee et al., 2023)1 for
this assistant fine-tuning.

In this experiment, we compared the test
performance and resource consumption of L1RA
against LORA, ADALORA. We compared against
two versions of ADALORA: one targeting the same
average rank as LORA and L1RA starting from an
higher rank (1.5 times that of LORA as suggested
in the ADALORA documentation), and another
version starting from the same rank of LORA and
L1RA and targeting a smaller rank (so that the
initial one was 1.5 times that of LORA, again, as
suggested in the ADALORA documentation). This
fine-tuning task was chosen to demonstrate the prac-
tical application of L1RA in efficient fine-tuning of
LLMs, particularly in scenarios where fine-tuning
on consumer-level GPUs is challenging (e.g., when
we reach the limit of usable memory).

Throughout the experiment, we kept track of
ranks evolution to analyse the final distribution
at the end of training. It this way we can get a
better understanding of which components within
the Transformer architecture need a more precise

1Data set card: https://huggingface.co/datasets/
Open-Orca/OpenOrca

https://huggingface.co/datasets/Open-Orca/OpenOrca
https://huggingface.co/datasets/Open-Orca/OpenOrca


Figure 5: Comparison of peak memory usage estimates from MEMORY-GELATO against actual peak memory
usage during training with LORA adapters.

adaptation (identified as those with a higher adapter
rank) and shed lights on the internal mechanisms
of the Transformer architecture.

7 Results
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(a) LLAMA 3.1 8B.
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(b) MISTRAL 7B V0.3.

Figure 6: Matrix-wise evolution of layer-wise average
L1RA adapters rank during training.

We report the main results of the experiments in
Table 2, while the relative values, to ease the compar-
ison, are in Table 3. L1RA achieves the lowest ab-
solute perplexity (PPL) score, improving over both
LORA and ADALORA. Moreover, L1RA achieves
also the closest training time to that of LORA,
with less than 1% difference from LORA. Memory
consumption, on the other hand, seems to be similar
among the three approaches (most differences from
LORA are below 2%) with ADALORA performing
better than L1RA (and even LORA in one
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Figure 7: Matrix-wise distribution of layer-wise average
L1RA adapters rank at the end of training (error bars
show standard deviation).
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Figure 8: Layer-wise evolution of matrix-wise average
L1RA adapters rank at the end of training.

configuration). The number of adapter (trainable)
parameters shows how ADALORA not applying an
actual pruning the matrices and requiring an higher
starting rank to target the same average ranks of
LORA and L1RA increases significantly the num-
ber of parameters (50%) without an improvement
on the PPL. On the other side, L1RA exchanging
freely parameters between matrices of different
sizes causes an increase in the number of parameters
as training continues; however, the increase is
smaller than that of ADALORA and achieves better
PPL than both LORA and ADALORA. We discuss



Table 2: Results and resources consuption of chatbot assistant fine-tuning on the OPENORCA data set (Rank: is
the initial adapters rank –for ADALORA we have the initial rank and target average–, PPL: perplexity –lower is
better, bold values are the best result for each model–, Time: total time for training, validation and testing; Memory:
peak VRAM usage during training; No. of adapter parameters: trainable adapter parameters at the end of training).

Model Approach Rank PPL ↓ Training time [s] ↓ Memory [GB]1↓ No. of adapter parameters [M] ↓
Start of training End of training

LLAMA 3 8B

LORA 16 3.32 30994.89 13.84 41.94 41.94
ADALORA 24→16 3.632 32980.28 14.00 62.92 62.92
ADALORA 16→12 3.572 32964.14 13.76 41.95 41.95

L1RA 16 3.25 31246.40 14.23 41.95 45.16

MISTRAL 7B V0.3

LORA 16 2.93 37891.88 13.58 41.94 41.94
ADALORA 24→16 3.162 40234.87 13.82 62.92 62.92
ADALORA 16→12 3.162 40215.02 13.59 41.95 41.95

L1RA 16 2.91 37968.91 13.94 41.95 50.06

1 Values measured using PYTORCH utility for measuring GPU device memory usage: https://pytorch.org/docs/stable/genera
ted/torch.cuda.max_memory_allocated.html.

2 Values are slightly altered because PPL was computed from the loss of the model which included also the regularisation term, separate
computations showed that ADALORA PPL was higher than that of LORA and L1RA.

Table 3: Relative results and resources consumption from Table 2 normalised to the LORA fine-tuning.

Model Approach Rank ∆ PPL [%] ↓ ∆ Training time [%] ↓ ∆ Memory [%] ↓ ∆ No. of adapter parameters [%]1↓

LLAMA 3 8B
ADALORA 24→16 9.34 6.41 1.16 50.02
ADALORA 16→12 7.53 6.35 −0.58 0.02

L1RA 16 −2.11 0.81 2.82 7.68

MISTRAL

7B V0.3

ADALORA 24→16 7.85 6.18 1.77 50.02
ADALORA 16→12 7.85 6.13 0.07 0.02

L1RA 16 −0.68 0.20 2.65 19.36

1 Values computed on end-of-training parameters.
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(a) LLAMA 3.1 8B start of training.
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(b) MISTRAL 7B V0.3 start of training.
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(c) LLAMA 3.1 8B halfway through training.
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(d) MISTRAL 7B V0.3 halfway through training.
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(e) LLAMA 3.1 8B end of training.
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(f) MISTRAL 7B V0.3 end of training.

Figure 9: Layer-wise and Matrix-wise evolution of L1RA adapters rank during training.

better about memory consumption and number of
adapter parameters in Section 8.

In Figure 6 we can the average evolution of the

ranks organised per matrix of the Transformer
architecture. As we can see, LLAMA and MISTRAL

have the same trends: matrices coming from the

https://pytorch.org/docs/stable/generated/torch.cuda.max_memory_allocated.html
https://pytorch.org/docs/stable/generated/torch.cuda.max_memory_allocated.html


Feed-Forward Neural Network (FFNN) layer of
the Transformer architecture (up-projection Wup,
gate Wgate, and down-projection Wdown) are
more “rank hungry” than those of the multi-head
self-attention layers (key Wk, value Wv, query
Wq, and output Wo). At the end of training, the
difference is clear across all layers, as shown by the
averaged rank counts in Figure 7. From Figure 8
we can see another common trend between the two
models: ranks are higher in the layers closer to the
output of the neural network.

Finally, to report on the individual ranks of each
matrix in the Transformer stack, we can see in Fig-
ure 9 ranks distributions at the beginning, halfway
through and at the end of training. The darker
area emerging at the bottom corresponds to the the
matrices of the FFNN. We can see how the “rank
mass” is higher in these layers especially toward the
top of the Transformer network (bottom-right side
on the plot) and how it is lower for the multi-head
self-attention layer matrices at the bottom of the
Transformer network. Moreover, we can wee
how with LLAMA this trend is emerging slower:
the matrix showing rank distribution at the end is
closer to that of MISTRAL halfway through training.
Given the higher PPL, we can assume that LLAMA

could have been trained for more iterations.

8 Discussion

Values of memory consumption does not comply
with our expectations, especially if compared taking
into account the rank distributions and the number
of trainable parameters. Considering the average
ranks and the total number of parameters, we
expected to see ADALORA starting from the higher
rank having the highest memory consumption and
ADALORA starting from the same rank as LORA
still consume more memory due to the additional
operations to compute the regularisation term, while
the memory is even lower in the case of LLAMA.
We suspect this is due to some internal optimisation
or offloading of the trainer in the HUGGINGFACE’s
TRANSFORMERS library we used (Wolf et al.,
2020). Despite we were not able to locate the source
of this difference, we conducted a small experiments
on the same data using the same handmade training
loop with all adapters and we measured an overall
higher memory consumption that was more in line
with the number of parameters and the compared
techniques. In the next iteration of L1RA we plan
to drop the trainer to have more reliable estimates.

To comment on the difference in number of
parameters between L1RA and LORA, we can see
that despite L1RA not exceeding the rank budget,
the amount of parameters (and used memory) is
slightly higher than LORA. This is a result of
allocating the spare ranks to other adapters working
on matrices of different sizes. In particular, as we
saw from Figure 7, many ranks are allocated to the
feed-forward layers, which have a higher (4×) inner
projection dimensionality. Despite this situation,
L1RA still achieves a lower resources utilisation
when compared to ADALORA.

Finally, to comment on the trends observed in
Figures 6 to 9, we can say that trends hint how the
FFNN layers at the top of the Transformer stack
are contributing more to the task being solved. The
high-level features processed in that part of the
Transformer network need more precise refinement
thus the higher rank. Similarly, we believe that
exploiting different information from other tokens
in the context is not as important as extracting more
refined patterns with the non-linear transformations
of the FFNN to have the LLM behave as a chatbot
assistant, thus the higher ranks in FFNN layers.
This observation agrees with intuition that the
higher layers of the network should contribute the
most to adapting the network to a specific domain,
and that the output and FFNN layers are crucial
for storing domain-specific information (as noted
by (Geva et al., 2021; Biderman et al., 2023)) that
likely needs to be updated by the adapters.

9 Conclusion

In this paper, we introduced L1RA, a novel
technique for efficient LLM fine-tuning. By
effectively exploiting the dynamic rank assignment
given by L1 regularisation and re-assigning the
spare ranks within the available budget, L1RA
represents a significant advancement in efficient
fine-tuning, offering a promising solution for
resource-constrained environments. We completed
L1RA with MEMORY-GELATO our tool for GPU
memory estimation we can exploit to determine
the memory –and thus rank– budget. At this
moment we foresee two possible, complementary,
directions in the further development of L1RA:
we are interested in studying the rank distribution
across different models and at a different scales or
number of parameter and data-set sizes and we are
interested in better understanding the convergence
of the proposed method.



Limitations

In this paper, we mainly focused on the development
of L1RA for efficient fine-tuning and its evaluation
on realistic use cases, rather than exhaustive exper-
iments. The first limitation is in the choice of the
LLM: as for now, we evaluated the results using only
MISTRAL 7B V0.3 and LLAMA 3 8B. A proper
evaluation would require exploring other openly ac-
cessible models of the same and different sizes that
would fit on a consumer-level GPU. The second limi-
tation is the choice of the evaluation data set: we con-
sidered only the task of instruction fine-tuning since
it is a common use case and since it covers many
tasks an LLM is required to solve, however a more
extensive evaluation exploring different tasks would
improve the understanding of L1RA’s capabilities.
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The authors do not foresee any considerable risks
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In principle, the L1RA algorithm is intended to
make fine-tuning of LLMs more efficient and the
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memory consumption such fine-tunings. The
authors made the source code publicly available to
ensure the reproducibility of the experiments. Refer
to Appendix A for further details.
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A Source Code Availability

We share the source code associated with this paper
for full reproducibility and transparency. All the
source material to replicate the experiments is
available on GitHub:

• L1RA: https://github.com/raul-singh
/L1RA/tree/dev-exp;

• MEMORY-GELATO: https://github.com
/raul-singh/memory-gelato.

B Evaluation setup

In this section, we provide the hyperparamers we
used for in experimental evaluations to ensure full
reproducibility. We report the hyperparameters we
used with the OPENORCA data set in Table 4. In
the table, we use the following notation:

• r is the initial rank of L1RA, LORA and
ADALORA adapters;

• α is the scaling of L1RA, LORA and
ADALORA;

• pdropout is the dropout probability of L1RA,
LORA and ADALORA;

• η is the learning rate;

• λ is the regularisation coefficient or L1RA or
ADALORA;

One important detail of our experiments is the
choice of the optimiser, we implemented a variant
of AdamW (Loshchilov and Hutter, 2019) (which is
the most common optimiser for LLMs), to support
decoupled regularisation for both L1 and L2

regularisations. We refer to this variant as AdamE,
where the “E” refers to ElasticNet: the combinedL1

and L2 regulariser2. The addition is the decoupled
L1 regularisation that avoids the update of the lasso
constraint being scaled by the adaptive learning
rate and momentum hyperparameters. This scaling
affects negatively the shrinking of the parameters,
showing it down.

Since we apply learning rate warm-up and cosine
scheduling to shrink η to zero, we find useful keep a
separate constant learning rate for the parameters in
the c vectors. To avoid introducing unnecessary hy-
peraparameters we use the same η of the rest of the
parameters, but whithout warm-up and scheduling.

2AdamE implementation https://github.com/vince
nzo-scotti/bitsandbytes/tree/dev-adame

Table 4: OPENORCA hyperparameters.

Model Hyperparameter Value

LLAMA

3.1 8B

Max. sequence length 1024 tokens
r 16
α 16

pdropout 10−1

Compute d-type bfloat16
Attn. implementation Flash attn. 2 (Dao, 2024)

Optimiser AdamE (paged, 32 bit)
η 10−4

η schedule cosine
η warm-up ratio 5%
Max grad. norm 1

Epochs 1
Batch size 4

Accum. steps 4

λL1RA 10−3

ηc (L1RA) 10−2

Rank update period (L1RA) 5% training steps
λADALORA 10−3

tinit (ADALORA) 5% training steps
∆t (ADALORA) 5% training steps

MISTRAL

7B V0.3

Max. sequence length 1024 tokens
r 16
α 16

pdropout 10−1

Compute d-type bfloat16
Attn. implementation Flash attn. 2 (Dao, 2024)

Optimiser AdamE (paged, 32 bit)
η 10−4

η schedule cosine
η warm-up ratio 5%
Max grad. norm 1

Epochs 1
Batch size 4

Accum. steps 4

λL1RA 10−3

ηc (L1RA) 10−2

Rank update period (L1RA) 5% training steps
λADALORA 10−3

tinit (ADALORA) 5% training steps
∆t (ADALORA) 5% training steps

We conducted all experiments on the same
machine with the following hardware configuration:

• CPU: Intel Core i9-13900K;

• RAM: 64 GB;

• GPU: NVIDIA GeForce RTX 4090.

We used as much shared parameters across the
three approaches we compare (L1RA, LORA and
ADALORA) as possible to have a fair comparison.
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