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Abstract

The capacity of Low-Rank Adaptation (LoRA)
is fundamentally governed by its rank param-
eter. While standard implementations apply a
uniform rank across all layers, a recent wave of
variable-rank extensions demonstrates that tai-
loring ranks to module importance improves
expressiveness. However, this emerging lit-
erature remains highly fragmented and lacks
systematic cross-comparisons. To unify the
field, we propose a taxonomy grouping these
approaches into four categories: Rank growth,
pruning, redistribution, and pre-allocation. We
analyze their design dimensions, theoretical ex-
pressiveness, implementation complexity, and
memory efficiency. Finally, we outline criti-
cal challenges inhibiting adoption, including
standardized evaluations and memory metrics.

1 Introduction

Low-rank adaptation (LoRA, Hu et al., 2021) effi-
ciently adapts large models enabling efficient multi-
tenant setups (Chen et al., 2023; Haller et al., 2024;
Sheng et al., 2024) by reparametrizing the weight
update ∆W ∈ Rd2×d1 into two smaller matrices
(we omit the constant scaling factor for simplicity):

∆W = BA

with B ∈ Rd2×r and A ∈ Rr×d1 . Using a small
rank r, the required memory also remains small.

While vanilla LoRA may target only certain lin-
ear layers: e.g., only feedforward layers (esp. for
knowledge-intensive tasks; Geva et al., 2021) or
only certain attention projections (John Schulman,
2025; Hu et al., 2021), it applies a constant rank
r to each targeted layer (Figure 1, top). However,
layers vary in task importance (Lee et al., 2019;
Houlsby et al., 2019; Vanderreydt et al., 2023;
Kaplun et al., 2023; Garbaciauskas et al., 2024;
Pan et al., 2024; Ke et al., 2024; Gu et al., 2024a;
Gao et al., 2025; Skean et al., 2025), making uni-
form layouts seem inefficient. The variable-rank
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Figure 1: Uniform- (top) vs. variable-rank (bottom)
configurations used for low-rank adaptation of a trans-
former model.

alternative assigns module-specific ranks (Fig. 1,
bottom), promising better expressivity under fixed
parameter budgets (Zhang et al., 2023b; He et al.,
2026).

The natural question then arises: How to deter-
mine the optimal rank-layout for a given model and
task? Several methods approach this question from
multiple angles, often facing shared design ques-
tions: Which ranks to prune/grow? When should
(growth/pruning) interventions take place? And
should ranks be pushed towards orthogonality?

Yet no coherent framework or systematic discus-
sion of these design dimensions exists, and cross-
comparisons are sparse: Of the 55 papers in this
survey, only six are cited by more than five other
papers in the set, and only ten cite more than three
other papers in the set. Where citations do occur,
they often lack empirical evaluations (related work
is mentioned without testing against it on the same
task). This prevents conclusive comparisons be-
tween methods both within and between taxonomic
groups.
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Figure 2: Illustration of the four method groups.

Contribution. In this survey, we introduce a tax-
onomy grouping 57 variable-rank methods (across
55 publications) into four subclasses (see Figure 2)
and characterize choices made during their design:

1. Rank pruning initializes all modules with a uni-
form rank (e.g. 1.5× the planned average rank),
then prunes individual ranks over the course of
training. This yields a variable-rank configura-
tion at the end of training.

2. Rank growth initializes modules uniformly with
a very low rank (e.g., 0 or 1). During training,
individual modules are identified for which the
rank is increased.

3. Rank redistribution starts with a uniform rank
layout that matches the planned average. During
training, modules are removed and distributed
among remaining modules or assigned to se-
lected modules (as in rank growth). The average
rank remains fixed during training.

4. Rank pre-allocation determines module-
specific ranks prior to training, based either
solely on the model or using model activa-
tions/gradients. The model is then trained
as in vanilla LoRA, but with a variable-rank
layout. Iterative pre-allocation extends this by
training multiple models and incorporating the
evaluation performance of previous layouts to
determine the next.

For each category, we analyze the design dimen-
sions, implementation complexity, theoretical ex-
pressiveness, and memory efficiency. Finally, we

collect metadata on the evaluations performed in
the surveyed papers to identify the most common
evaluation setup.

2 Related Work

Parameter-efficient fine-tuning methods (PEFT;
Houlsby et al., 2019) inject (or select) a small set of
trainable parameters while keeping the bulk of the
pretrained model frozen. This dramatically reduces
both computational cost and memory footprint, en-
abling practitioners to adapt state-of-the-art models
with limited resources.

To our knowledge, there are no surveys that
specifically cover (and categorize) variable-rank
methods. However, multiple surveys map PEFT
and LoRA approaches in differing granularity. We
discuss these by increasing granularity. Our taxon-
omy can then be embedded into existing ones as
illustrated in Figure 3.

2.1 PEFT-centric Taxonomies

Generally, there appears to be consensus over three
subclasses of PEFT methods (Lialin et al., 2023;
Xu et al., 2023; Han et al., 2024; Wang et al.,
2025b): (1) Additive methods add new parameters
to the existing base model (this includes adapters
and soft prompts), (2) selective (or partial) meth-
ods select a subset of the base model parameters to
tune, and (3) reparametrization-based fine-tuning
methods produce an efficient parameterization of
a parameter difference: Wtuned = Wbase + ∆W
with ∆W compactly parameterized.
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Figure 3: Taxonomy (our addition in green) based on Lialin et al. (2023, in blue) and He et al. (2026, in red).

Since there can be substantial overlap between
these subclasses (Lialin et al., 2023 hence visualize
it as a Venn diagram), some additionally include a
“hybrid” group (Xu et al., 2023; Han et al., 2024;
Wang et al., 2025b). Hybrid variants between two
(or more) subclasses are possible making the sub-
classes non-exclusive. However, hybrid variants
could be categorized in two or more subclasses
(not requiring an additional hybrid subclass) and
we exclude the hybrid subclass from our taxonomy
visualized in Figure 3.

Fine-tuning methods specifically using some
form of quantization (e.g. QLoRA, Dettmers et al.,
2023) may constitute another additional method
group (Wang et al., 2025b). While quantization
does lower memory requirements (it is a memory-
efficient method), it does not (strictly speaking) in
itself reduce the number of parameters.

2.2 LoRA-centric Taxonomies

Xu et al. (2023) and Wang et al. (2025b) split the
reparameterization-based PEFT approaches into
“LoRA Derivatives” and “Low-rank Decomposi-
tion”, the later of which includes LoRA. With our
taxonomy, we extend the work of He et al. (2026),
who group methods based on functional aspects
(see Figure 3). They further subdivide the field of
Low-Rank Adaptation into 4 subgroups: (1) Op-
timization process adjustment (aiming to enhance
stability and improve alignment with full fine-tun-
ing), (2) initialization adjustment (changing how
the initial rank parameters are set), (3) mixture-of–
experts integration-based (enhancing the capacity
of standard LoRA layers), and (4) Rank adjustment
(see below),

Rank Adjustment methods aim to overcome the
fixed low-rank constraint of LoRA. They are fur-
ther split into three subgroups: (1) Rank expan-
sion1 increases the effective rank of a given adapter
by combining multiple matrices (e.g., by using
the Hadamard product2). (2) Rank sharing meth-
ods share parameters across multiple modules, re-
ducing the overall parameter count while possibly
maintaining a high rank per module. (3) Rank bud-
geting methods allocate different ranks to different
modules (i.e., variable ranks).

Rank Budgeting, a subclass of rank adjustment,
resembles our concept of variable-rank methods,
but requires methods to impose a predefined rank
budget. Most methods we survey adhere to this
definition. Some, however, do not use a predefined
rank budget but instead use other thresholds to de-
termine the number of ranks. Regardless, they are
rather similar to the other methods in this group
and also produce variable-rank layouts. Hence,
we replace ‘rank budgeting‘ with ‘variable-rank‘
(slightly expanding the scope and placing it in the
same location in this taxonomy).

For a comparison of the variable-rank group to
similar groups in other taxonomies, see Section D
in the appendix.

1‘Rank expansion’ here does not refer to our rank growth
subclass, as the expansion is not applied during training but as
a product of the employed mathematical operations.

2The Hadamard of two matrices has an effective rank equal
to the product of the two ranks: when using two matrices of
rank 8, the effective rank becomes 64, while addition would
only yield a rank of 16.
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3 Variable-Rank Methods

In this section, we introduce the four method
groups and discuss the ♦ design dimensions in-
volved in each.

3.1 Group 1: Rank Pruning Approaches

Rank pruning approaches start with a uniform rank
layout with a high initial rank, select the least im-
portant ranks, and remove those (see Figure 2).
Removing more ranks in some modules than oth-
ers leaves a non-uniform rank layout with a lower
average rank than the initial layout.

Pruning methods generally exhibit four design
dimensions:

♦ selection criterion: Which ranks to remove.

♦ parametrization: How the weight update ∆W
is decomposed (often intertwined with the
♦ selection criterion).

♦ orthonormalization: How to keep the rank vec-
tors at unit length and orthogonal, ensuring coeffi-
cients accurately reflect each rank’s contribution.

♦ sparsity: How to enforce sparsity, whether
by removing ranks already during training or
through other means.

We distinguish between two subgroups of rank
pruning approaches: Mid-tuning in which ranks
are progressively pruned during training, and post-
tuning, where ranks are pruned only once after
training is complete. In the following subsections,
we give details on both subgroups.

3.1.1 Mid-Tuning Rank Pruning
The first subgroup contains approaches that remove
ranks during training. In our survey, we identified
15 distinct approaches within this subgroup (see
Table 1 in the appendix for a full list).

The main motivation for these approaches is the
tendency of pruning to disrupt the model’s func-
tion, as other components were trained with those
elements in place. Therefore, these mid-tuning ap-
proaches prune already during training employing
a single or multiple small pruning steps, impos-
ing ♦ sparsity by design, and giving the model the
chance to adapt to the removal of ranks.

Design Dimensions. The 15 approaches surveyed
differ along the following design dimensions:

♦ selection criterion. One of the most important
decisions is to determine which ranks to remove.
Different approaches use different metrics such

as parameter-magnitude (of the base weight or
the learned rank vectors; e.g., Kim et al., 2024a;
Sharma et al., 2025), gradient- and activation-
information (e.g., Lawton et al., 2023; Zhou et al.,
2025b), or some learned gating parameters (Hu
et al., 2023). Parameter-magnitude, learned gat-
ing parameters, and activation patterns can indicate
each rank’s influences on the (next) latent repre-
sentation, while gradient information additionally
accounts for the impact on the loss.

♦parametrization. Instead of using LoRA’s
parametrization of ∆W = BA, six of the 15 mid-
tuning approaches use a diagonal matrix Λ to regu-
late the contribution of each rank (resembling the
result of a singular value decomposition):

∆W = PΛQ

This can have two benefits for variable-rank
LoRA approaches: First, the contribution of a rank
can easily be adjusted by setting the corresponding
value in Λ (e.g., to zero to disable a rank com-
pletely). This contribution can either be learned
directly or computed based on some other function.
Second, information on Λ (and its gradient) can
be used in the ♦ selection criterion since it repre-
sents the ranks’ contribution – ranks with lower
contribution may be less relevant to the models
function.

♦ orthonormalization. Values in Λ in SVD-like
♦ parametrizations only represent the contribution,
if rank vectors have unit length. Further, recent
work has shown empirical benefits of orthogonal
ranks for uniform rank adaptation (Li et al., 2025)
and theoretical analysis suggests that gradient-
based optimization of factorized adapters may yield
suboptimal results (Schotthöfer et al., 2025).

Unit length can be enforced via regularization or
by normalization after each training step. Similarly,
orthogonality can be achieved either by adding a
penalty to the loss or by projecting the current vec-
tors onto orthogonal vectors, e.g., using the QR
algorithm (Francis, 1961; Schotthöfer et al., 2025)
or the Gram-Schmidt process (Gander, 1980).

Some methods use loss-based regularization to
make vectors orthogonal and of unit length, while
most do not apply any orthonormalization at all.
Prune LoRA (a baseline introduced together with
AdaLoRA; Zhang et al., 2023b) and SalientLoRA
(Ke et al., 2024) use the following orthogonal regu-
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larization (with ∥ · ∥F being the Frobenius norm):

Rorth (B,A) = ∥B⊺B − I∥2F + ||AA⊺ − I||2F

This penalizes pairs of vectors that are not orthogo-
nal (with a non-negligible inner product) and vec-
tors deviating from a norm of one.

3.1.2 Post-Tuning Rank Pruning

The second subgroup consists of approaches that
instead do a single pruning step after training is
complete. As discussed, one issue is that the sud-
den removal of so many ranks may incapacitate
the model. To address this, post-tuning needs to
minimize the impact of pruning during training;
typically by promoting ♦ sparsity over the course
of the training through other means. Often, an
SVD-like ♦ parametrization that includes a rank
coefficient/gating value is used.

Design Dimensions. In our survey, we identified
15 different approaches (see Table 2 in the appendix
for a full list) that differ along the same three di-
mensions as mid-tuning approaches (♦ selection
criterion, ♦ parametrization, ♦ orthonormalization),
but add the crucial ♦ sparsity dimension that deter-
mines how rank sparsity is promoted.

♦ sparsity. Three primary strategies promote spar-
sity within the learned ranks.

Iterative coefficient zeroing progressively sets
larger subsets of the rank coefficients to zero
based on the ♦ selection criterion (first in AdaLoRA;
Zhang et al., 2023b). Unlike mid-tuning, which
removes rows in A (or columns in B), permanently
losing the directional information, iterative zeroing
allows recovery by increasing the coefficient again.

The shrinkage operator zeroes values with mag-
nitudes below a threshold ξ, and shrinking others
by the same value. This soft-thresholding approach
is commonly used in proximal gradient methods
for ℓ1 penalties (Beck and Teboulle, 2009). Exam-
ples include SoRA (Ding et al., 2023), CoDyRA (Lu
et al., 2026), and RaLo (Deng et al., 2026b).

Stochastic selection deactivates ranks during
training forcing the model to adapt to varying sets
of active ranks. For instance, LoNAS (Munoz et al.,
2024) deactivates modules below a sampled bound-
ary layer, B-LoRA (Meo et al., 2024) drops out ranks
based on learned rank-specific dropout probabili-
ties, and IST (Yao et al., 2024) samples modules
via importance scores.

Inherent Properties & Limitations

Rank pruning approaches have a strict upper limit
on the rank number for each module, given by the
initial rank that the adapters are trained with. Since
memory, in practical settings, is limited, the initial
rank may be limited as well. Depending on the
scenario, this can greatly limit rank variability.

While post-tuning approaches maintain a fixed
total rank over the course of training, mid-tuning
approaches reduce the total rank even during train-
ing. However, in practical approaches, this reduc-
tion in memory is not utilized (for a detailed dis-
cussion, see Section E in the appendix).

3.2 Group 2: Rank Growth Approaches

Like rank pruning, rank growth approaches change
the rank number of modules over time. Instead
of reducing it, they increase it. One advantage is
that, unlike rank pruning approaches, there is no
pre-determined maximum rank a module may re-
ceive. Since growth happens over the course of
training (where module are progressively identi-
fied that are increased in rank), they share many
design dimensions of mid-tuning rank pruning:
♦ selection criterion to select which ranks to grow,
♦ parametrization, and ♦ orthonormalization.

One important additional design dimension is
♦ initialization, which determines how a newly
added rank is initialized so as to best increase
model capacity. A poorly initialized new rank
might otherwise simply be ignored during train-
ing if the rest of the model is already well aligned.

Design Dimensions. In our survey, we identified 7
distinct rank growth approaches (see Table 3 in the
appendix). The two most important design dimen-
sions are ♦ initialization and ♦ selection criterion:

♦ selection criterion. Rank growth approaches dif-
fer in what kind of signals they exploit: gradient-
based sensitivity (IncreLoRA; Zhang et al., 2023a),
with statistics computed during backpropagation
to avoid storing all gradients), reconstruction er-
ror from base weight pruning (LoSA; Huang et al.,
2025), and activation convergence (AROMA; Sheng
et al., 2025, which iteratively adds ranks until
the change in output activation norm falls below
a threshold). Others leverage routing frequency
(DR-LoRA; Deng et al., 2026a) or empirical Fisher
Information ratios between current and expanded
ranks (SeLoRA; Mao et al., 2026).
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♦ initialization. Most methods initialize new
ranks similar to the initial ranks, preserving the
function (see also Chen et al., 2016) by setting
the respective elements in the B for LoRA-like
parametrization or the singular values in a SVD-
like parametrization to zero. New parameters also
require a learning rate schedule. The method must
determine whether to use the same (post-warmup)
learning rate or a dedicated schedule (potentially
with warmup and decay). Since none of the papers
discuss this choice, we assume new parameters
follow the current global learning rate.

Flexible Rank. GeoLoRA (Schotthöfer et al., 2025)
is an outlier in this group as it can also decrease a
module’s rank (or even the overall total). We do not
classify it as a redistribution method since the total
rank (or parameter) budget is not maintained. In-
stead, ranks are doubled in each augmentation step,
and those below a certain singular value threshold
are removed again. This enables the approach to
grow and shrink.

Inherent Properties & Limitations
Rank growth methods are typically less constrained
in the maximum final rank. However, DR-LoRA
(Deng et al., 2026a) and La-LoRA (Gu et al., 2026)
pre-allocate a fixed rank budget, upper-bounding
any module’s final rank. Like mid-tuning rank
pruning approaches, rank growth methods exhibit
a changing total rank throughout training. Since
memory usage peaks at the end of training, this
should inform choices of memory-related hyperpa-
rameters such as sequence length and batch size.

3.3 Group 3: Rank Redistribution
Approaches

Rank redistribution methods share aspects of the
mid-tuning rank pruning group as well as the rank
growth groups: They prune certain ranks and ex-
tend the ranks in other modules, maintaining a con-
stant total/average rank. They include all design
dimensions of these two groups (which we do not
discuss in detail here again as the set of choices is
quite similar; see Table 4 for the five approaches),
but add a crucial new dimension:

♦ redistribution mode: A unique feature of rank
redistribution methods is how they select ranks/-
modules and redistribute de-allocated ranks.

Most methods follow a bottom-k pruning, top-k ex-
pansion scheme: ALoRA and L1RA use round-robin
expansion of non-pruned modules (Liu et al., 2024;

Singh et al., 2025), while ElaLoRA expands top-k
modules by minimal importance with orthogonal
Gram-Schmidt initialization (Chang et al., 2025).
WeightLoRA+ similarly expands non-pruned mod-
ules but prunes at the module level (Veprikov et al.,
2025), and FlexLoRA performs coupled rank re-
moval and addition across bottom-k and top-k mod-
ules respectively (Liu et al., 2026).

Inherent Properties & Limitations
Unlike rank pruning and growth approaches, rank
redistribution approaches maintain a constant total
rank. While total memory use may still vary (some
ranks require more parameters than others), this
variation is typically much smaller. Just like rank
growth methods, rank redistribution methods are
not constrained by an initial rank. Instead, selected
modules can, in principle, grow quite large.

3.4 Group 4: Rank Pre-Allocation
Approaches

While the previous groups exhibit dynamic ranks
across training (i.e., they change the rank number
for a given module during training), this is not re-
quired to produce variable-rank layouts: Rank pre-
allocation determines the rank numbers once prior
to training, and then continues to train the adapters
without making any more structural changes.

3.4.1 One-off Pre-Allocation
The simplest variant is to produce a variable-rank
layout prior to training and train only once. For
detailed choices of how this is achieved, see Table 5
in the appendix.

♦ information source: Pre-allocation methods de-
termine rank layouts prior to training using di-
verse ♦ criteria, based on different types of infor-
mation, such as base weights, task-data activa-
tions, gradients, or prior experimental results.

Most of the 11 approaches require the target
task data to be passed through the model (see Ta-
ble 5) to collect hidden states (activations), gradient
information, or even the diagonal of the Hessian
matrix (i.e., second-order derivatives).3 PRILoRA
(Benedek and Wolf, 2024) uses a static rank lay-
out (determined based on previous experiments,
independent of the base model and target task).

3Where gradients are required, they need to be computed
for the whole weight matrices, potentially across multiple
minibatches. Since the base weights are not optimized, only
the model parameters, as well as the gradient, but no additional
statistical moments of the gradient need to be kept (as required
by some optimizers; Kingma and Ba, 2015).
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SARA (Gu et al., 2024a) and SR-LoRA (Zhang et al.,
2025a) create the rank layout based on the base
weights. Similarly, RA-LoRA (Kim et al., 2024b)
bases the decision on the quantization error.

♦ initialization. Once the rank layout has been
determined, some methods initialize rank param-
eters like LoRA. GoRA (He et al., 2025) initializes
B such that BA approximates the gradient of the
base weight (using the scaled Moore-Penrose in-
verse of A), RaLoRA-(Pro) initializes like MeLoRA
(Ren et al., 2024) which it is based on, and EVA
(Paischer et al., 2025) sets A based on the principal
directions of the input activations to speed up the
initial training by maximizing the gradient of B,
which is initialized as zero (like in LoRA).

3.4.2 Iterative Pre-Allocation
Iterative pre-allocation repeatedly trains models
with new rank layouts and uses performance met-
rics to influence the selection of new layouts. We
specifically exclude trial-based search approaches,
which only search for a global (uniform) rank r,
but do include approaches that train multiple non-
uniform layouts (see Table 6 for details). We in-
clude four approaches in the group.

♦ search algorithm: Candidate layouts are pro-
posed using different algorithms. Information
on the performance on validation data is then
used to refine the search process

Some methods use this information to train a
performance model (as in the case of RankAdaptor
and HyDRA, Zhou et al., 2025a; Xi et al., 2025) or
a layout-generating hyper-network (LARA, Zhou
et al., 2026b), or to inform the evolutionary search
process (AutoQRA, Zhou et al., 2026a).

Inherent Properties & Limitations
The properties and limitations differ drastically be-
tween one-off and iterative approaches. Generally,
the training process for pre-allocation methods can
be implemented as efficiently as uniform-rank ap-
proaches. Once the layout is determined, the model
is not modified during training, and memory use
only depends on the processed data.

One-off pre-allocation cannot adapt the layout
once training starts, making it relatively inflexi-
ble. However, existing LoRA-training tooling can
be used: no additional metrics, interventions, or
hyperparameters are needed. We hypothesize that
while complex tasks may require more flexibility
during fine-tuning, for most tasks, the simplicity of

one-off pre-allocation outweighs the inflexibility.
Iterative pre-allocation differs substantially from

the other groups, as it trains multiple models that
are then evaluated on held-out validation data.
While an empirical comparison is lacking, iterative
pre-allocation likely requires significantly more
computing resources. It is unclear how much of
this can be offset by sharing performance predictors
or rank layout-generating hyper-networks across
multiple tasks and base models.

3.5 Additional Design Dimensions

Two additional design dimensions apply to all
variable-rank approaches.

♦ granularity: While rank-level approaches as-
sign a rank of rm ∈ N0 to each module m, some
approaches select modules (e.g., key projection
in the 7th layer) or even complete layers where
LoRA adapters are applied (i.e, for each module
they set a rank of rm ∈ {0, rshared}).

♦ base model compression: Dettmers et al.
(2023) showed that quantization of the base
model enables fine-tuning of much larger models
with limited memory. While quantization of
the base model may seem orthogonal to the
employed fine-tuning technique, some works
propose joining base model compression with
task-specific variable-rank fine-tuning.

RA-LoRA (Kim et al., 2024b) and LoSA (Huang
et al., 2025) use the reconstruction error to in-
form the rank layout. LoSA, RankAdaptor (Zhou
et al., 2025a), LARA (Zhou et al., 2026b), and
Light-PEFT (Gu et al., 2024b) use parameter prun-
ing to compress the base model; RA-LoRA uses
quantization. Since only these five approaches em-
ploy base model compression, we omit this design
dimension from Tables 1– 6.

4 Open Challenges and Opportunities

In this section, we discuss some practical and theo-
retical challenges and opportunities.

4.1 Practical Evaluation Obstacles

A major limitation is the lack of comprehensive
evaluations. Current publications use diverse set-
tings ranging from simple natural language under-
standing tasks (such as classification tasks, e.g., on
GLUE data; Wang et al., 2018) to natural language
generation (multiple choice questions, or long-form
question answering; e.g. GSM8K; Cobbe et al.,
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2021). Large-scale evaluations are lacking, partic-
ularly for compute and memory efficiency. This
limitation broadly extends to PEFT, where the stan-
dardization of setups and development of metrics
measuring training and inference costs remain on-
going (Belanec et al., 2026).

Replication studies are labor-intensive to con-
duct, especially since source code is easily retriev-
able only for approximately half of the papers.4

Even when source code is provided, it (1) follows
diverse package structures, (2) relies on various
libraries, often with copied dependencies, mak-
ing modifications difficult to locate, and (3) some-
times even requires adjustments for different mod-
els. Many of the approaches not only require the
injection of specific adapters into the model, but
also the collection of activation and gradient statis-
tics, as well as changes to the model during training
or, in some cases, specialized schedulers. Without
fully documented training scripts, concrete imple-
mentation details may be unclear.

Further, hyperparameter robustness remains un-
derexplored. Especially for approaches with mul-
tiple interacting components (e.g., learning of ex-
isting ranks as well as selecting the right ranks to
add/remove), the performance gained by introduc-
ing additional brittleness needs careful study.

These obstacles hinder both practical adoption
and further scientific inquiry. He et al. (2026) eval-
uated 20 LoRA variants, only 2 of which can be
categorized as rank budgeting methods (AdaLoRA
and EVA, the second of which was also classified as
an initialization adjustment-based approach). With-
out established baselines, future approaches must
re-implement baselines for adequate comparison.

4.2 Higher Rank Does Not Always Lead to
Higher Performance

While an insufficiently large rank can produce sub-
par results (especially in knowledge-intensive fine-
tuning tasks Back et al., 2026), increasingly high
ranks may yield diminishing returns or even reduce
performance (Zhang et al., 2023b; Dettmers et al.,
2023). Wang et al. (2023) find that with small train-
ing datasets high-rank LoRA modules may be over-
parameterized. This contrasts with most variable-
rank methods, which assume all ranks improve

418 out of 55 of the papers provide a URL to a reposi-
tory (excluding two where it led to a non-existing page or did
not contain any code). In 9 cases, we could find repositories
through manual search. In one case, we found a third-party im-
plementation where no author-provided repository was found.

performance.
Further, most approaches require the developer

to set a rank budget. A truly automatic rank se-
lection method should reduce the average rank if
increasing the ranks may cause overfitting. A few
methods use threshold values to determine how
many ranks are added/removed (Ding et al., 2023;
Gu et al., 2024a; Schotthöfer et al., 2025; Mao
et al., 2026). However, these thresholds are often
difficult to interpret, replacing one hyperparameter
with another. Ideally, the developer could easily
determine what performance gain justifies a rank
increase, while the method handles the rest and
avoids excessive ranks.

4.3 Not Every Rank has Equal Size
Not every rank induces the same computational and
memory cost, so comparing rank-configurations
solely by average rank may be insufficient. For
example, a single rank in a linear layer of a feed-
forward block of SMOLLM2 or PALM requires
2.5 times the parameters of one in a self-attention
block (Allal et al., 2025; Chowdhery et al., 2023).

While in PEFT, it is good practice to plot per-
formance over the number of adapted parameters;
few papers (Gao et al., 2024; Ye et al., 2025; He
et al., 2025) actively consider the cost of adding a
rank over another with a different parameter count.
This may leave some potential for improvement, as
some performance could be gained by replacing a
certain rank with multiple others matching the pa-
rameter count. Furthermore, information about the
parameter count is often not included when repre-
senting the results in other forms than the parameter
count vs. performance plot.

5 Evaluations in Surveyed Papers

This section summarizes how we collect and com-
pare benchmarking results reported in the surveyed
papers. Unfortunately, the resulting data is too
sparse to make any larger claims towards efficacy
of the taxonomic groups in general. However, we
can still make concrete recommendations based on
it regarding which evaluation settings to use and
how to present the results.

5.1 Method
To collect benchmarking results from the surveyed
papers, we follow the following process:

1. We mark relevant result tables in the paper.
We exclude ablation experiments and focus
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on benchmarking results for the method’s pri-
mary variant.5 Additional information not
mentioned in the caption but in surrounding
text was manually added as an annotation.

2. We automatically take screenshots for the se-
lected areas and extract the additional text.

3. Using a vision-language model, a JSON file
is generated for each table containing a list
of entries (each entry typically represents a
single table cell).

5.2 Recommendations

Here, we make concrete recommendations for fu-
ture evaluations to maximize comparability to exist-
ing studies. footnote The collected data, the prompt
used for the extraction, as well as additional anal-
ysis can be found here: https://github.com/
plonerma/variable-rank-data

5.2.1 Recommendation 1: Evaluation Settings
The most common evaluation setting is to fine-tune
and evaluate DeBERTaV3-base (He et al., 2021)
on the GLUE tasks (Wang et al., 2018) (see Figure
6 in the appendix). Some additionally evaluate on
SQuaD (Rajpurkar et al., 2016).

For natural language generation (primarily ques-
tion answering), the most common tasks are ARC
(easy and challenging; Clark et al., 2018), PIQA
(Bisk et al., 2019), OpenBookQA (Mihaylov et al.,
2018), BoolQ (Clark et al., 2019), HellaSwag
(Clark et al., 2019), WinoGrande (Sakaguchi et al.,
2019), and SocialIQA (SIQA Sap et al., 2019). On
these, LLaMA models (in the 7 to 8 billion param-
eter range) are most commonly used. The evalua-
tions are spread out over multiple model versions.
Though the LLaMA-3 model is newer, more papers
evaluate on it than on the older LLaMA-2 model.
Hence, we recommend evaluating on LLaMA (first
version) for comparability to older papers, as well
as LLaMA-3 for more up-to-date results.

5.2.2 Recommendation 2: Result Presentation
To enable future reuse of collected performance
scores, it would be ideal to have experiment-level
metadata on which presented results are based (con-
sisting of the pretrained model, the fine-tuning tech-
nique, training hyperparameters, the resulting num-
ber of changed parameters of each training run,

5The tables are highlighted using the ‘Select Area’ tool in
Zotero (Corporation for Digital Scholarship, 2026).

etc.). Since there is no standardized format to re-
port run-level information, we need to rely on per-
formance scores presented in tables. To make these
as valuable as possible, researchers should note all
relevant information used to produce the results in
the table or its caption. This information should
contain (at least):

Evaluation Task. The evaluation task as well as
the name of the metric (e.g., “SST-2 (Acc.)”). If
the model was not fine-tuned on the train split of
the evaluation set but on some other dataset, this
information should also be provided.

Pretrained Model. Name of the pretrained model
(as specific as possible: the checkpoint should be
easily identifiable). Ideally, the paper should con-
tain a URL to the used checkpoint. If the pretrained
model was pruned prior to or during fine-tuning,
this should be noted in the table as well.

Number of Parameters. The number of parame-
ters in the final adapter. Rank information is also
valuable. However, since parameter counts for a
single rank may vary (within and between meth-
ods), parameter counts are the most comparable.
Since ratios are harder to interpret, it is best to give
the absolute number of parameters (potentially us-
ing common abbreviations such as ‘k’ and ‘M’).

6 Conclusion

This paper systematically analyzes methods pro-
ducing variable-rank layouts for low-rank fine-
tuning categorizing 57 methods from 55 papers
into four main groups: rank pruning, rank growth,
rank redistribution, and rank pre-allocation. By
mapping the current landscape, clarifying key gaps,
and proposing directions for future work, we hope
to equip future research towards more practical and
scalable variable-rank methods.

Despite the progress in this field, practical and
methodological challenges hinder broader adop-
tion: notably, mature reference implementations,
comprehensive evaluations, and rigorous metrics
to accurately assess memory requirements during
both training and inference phases remain lacking.

Most works focus on single-task transfer learn-
ing, yet variable-rank methods may be particularly
suited for continual learning settings, where some
ranks may be adapted to work for multiple tasks,
while others may serve specific tasks. While recent
works (Kim et al., 2026) started exploring this di-
rection, substantial room for improvement remains.
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Limitations

Though we did not explicitly exclude non-English
papers, the initial set of seed papers only contained
English papers, and no non-English papers were
added during the expansion phase. We cannot guar-
antee that the list of analysis papers is exhaustive.
However, we are confident any additional paper
would not be directly connected to any of the in-
cluded papers via citation (i.e., be relatively discon-
nected; see Section B in the appendix for details).

We are not comparing methods based on re-
ported performance, but solely based on the strate-
gies employed in the methods as such. Hence,
papers referenced for a method included in our tax-
onomy were not scrutinized for the scientific rigor
of the experimental section. A few papers were
excluded based on quality issues, regardless (see
Section B).

Finally, our survey does not include an empirical
comparison and reproduction of the reported pa-
pers. While such a comparison would be quite valu-
able, it would require (1) immense manual work
in integrating and re-implementing a large number
of methods, and (2) significant computational re-
sources to train and evaluate all of the methods on
a decent number of tasks.
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Figure 4: Number of papers (per year) included in the
final set.

A Disclosure of Language Model Use in
This Work

We used chat-based LLMs to suggest sentence-
level edits to check grammar, improve clarity, and
shorten paragraphs after a first draft was fully writ-
ten. All edits were reviewed and verified by the
authors. All conceptual contributions, screening,
selecting, and summarizing of papers, as well as
writing of novel text, were done by the authors
without any use of language models.

B Survey Method

We started with an initial set of approximately 20
seed papers identified based on manual search and
domain expertise. Using Semantic Scholar’s cita-
tion graph (Kinney et al., 2025), we expanded the
set by screening the complete 1-hop citation neigh-
borhood of each paper (papers cited by, and citing,
each paper). Title and abstract were considered
during the expansion of the set of papers; newly ac-
cepted neighbors were screened until every paper’s
1-hop neighborhood had been fully screened and
no further papers were added.

After expansion and review, 115 (English-
language) were included in the set. We then manu-
ally categorized proposed methods, excluding stud-
ies that were out of scope or fell below a minimum
standard (substantially misrepresenting referenced
work or lacking sufficient methodological detail
for categorization; 5 papers excluded for quality
reasons). In the end, 55 papers remained (see Fig-
ure 4). No date, publication-type, or other filters
were applied. Non-English papers would have been
considered in the search, but none appeared in the
final neighborhood.
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Figure 5: Number of methods per granularity

C Method Scope

We include all methods that produce variable-rank
layouts (i.e., excluding methods that may have a
dynamic rank during training but at any time use
a uniform layout such as DyLoRA Valipour et al.,
2022)

Further, we exclude methods that modify base
weights through iterative low-rank updates. While
these methods certainly are interesting, we fo-
cus our survey on methods that do not edit the
base weights, since this enables multi-tenant setups
(Chen et al., 2023; Haller et al., 2024; Sheng et al.,
2024).

Most of the methods we cover produce truly
variable-rank layouts (with r ∈ N; which was our
initial focus), while some select certain modules or
layers to fine-tune and assign a fixed rank for those
(i.e. r ∈ {0, rbase}, see Figure 5).

Related, Out-of-Scope Methods

Some methods do lie just outside the scope, sharing
similarities with some methods within the scope,
but do not produce variable-rank layouts. Some
notable examples are discussed in the remainder of
this section.
BiLoRA (Qiang et al., 2024) uses bi-level opti-

mization to optimize the rank vectors as well as sin-
gular values/rank weights. They also experiment
with different parameterizations of the singular val-
ues to move them towards zero or one. However,
they do not test the impact of a final pruning step or
report the number of ranks that are actually close to
one. So, while the output of this approach is not a
variable-rank layout, it could certainly be adapted.

Similarly, Flexora (Wei et al., 2025) set module-
specific module scaling
AdapterDrop (Rücklé et al., 2021) prunes com-

plete adapters from layers below a certain level.
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However, the base method does not propose a way
to set the threshold.

Wu and Chen (2022) propose pruning complete
adapter modules based on the weight magnitudes,
but do not apply it to LoRA. The method could be
adapted for LoRA and even LoRA ranks and would
then be part of the mid-tuning rank pruning group.
DropLoRA (Zhang, 2025) drops out ranks dur-

ing training in order to make training more robust
(like dropout in general Hinton et al., 2012). The
dropout rate is constant and not rank-dependent.
Flexora (Wei et al., 2025) selects certain LoRA

modules for fine-tuning while freezing others, but
does not remove any adapters. No rank-wise selec-
tion is performed.

After an initial fine-tuning run where importance
scores are collected, PiLoRA (Wang et al., 2025a)
splits the output neurons into two sets: A domi-
nant and a supplementary group. For each group,
there is a set of ranks (higher rank for the domi-
nant group, lower rank (e.g., 1 or 2) for the sup-
plementary group). Unlike variable-rank methods
discussed in this paper, there is no variability in the
distribution of the ranks (apart from the difference
between the two training stages).

In Tied-Lora (Renduchintala et al., 2024) and
VeRA (Kopiczko et al., 2024), the projection matri-
ces are shared across layers (in some cases, they
are also frozen). Each layer then has its own u
and v scaling vectors (scaling at the level of the
intermediate and output representation).

D Variable-rank Methods in Other
Taxonomies

Joined Taxonomy. Going with the taxonomy by
He et al. (2026), non-LoRA methods such as KronA
(Edalati et al., 2022) and Intrinsic-SAID (Agha-
janyan et al., 2021) would probably be considered
Rank Expansion methods (since Intrinsic-SAID
was actually published before the much more
well-known LoRA, it should not be considered a
LoRA variant, and the name “Reparametrization”
should be maintained). We are not aware of any
“Reparametrization” approaches that cannot be clas-
sified into the LoRA-variant taxonomy by He et al.
(2026). Hence, we join their first-level taxon-
omy groups directly below the “Reparametrization”
node.

Variable-rank Approaches in Other Taxonomies.
Xu et al. (2023) use the same term to refer to
what we call ‘variable-rank‘ approaches. Similarly,

Wang et al. (2025b) use the term ‘dynamic rank‘
but do not include any pre-allocation approaches
where the rank is allocated prior to training and
remains fixed (non-dynamic) during training (pre-
allocation methods are not represented within their
taxonomy at all). Chen et al. (2025b) use the term
‘dynamic low-rank‘ similarly as well and include
DyLoRA (Valipour et al., 2022) which has a dynamic
rank during training (i.e., the used rank varies), but
does not produce a variable-rank layout.

Yang et al. (2025) include variable-rank methods
in their subgroup ‘Parameter Efficiency Enhance-
ment≻Parameter Pruning’ (which also includes
unstructured pruning methods), as well as in group
‘Ranking Adaptation≻Rank Refinement’ (in which
they for example include AdaLoRA (Zhang et al.,
2023b) and SoRA (Ding et al., 2023) which we clas-
sify as rank pruning methods).

Zhu and Nguyen (2026) include ten methods,
which we also include; eight of them under the
term ‘dynamic selection mechanism‘. In this group,
they also include LISA (Pan et al., 2024), which
only tunes a random subset of the layers during
training, but does not prune away any layers dur-
ing or after training; rsLoRA (Kalajdzievski, 2023)
which investigates the impact of the scaling coef-
ficient for LoRA-modules (and suggests to scale
the impact by the square root of the rank number
instead of the rank number as originally proposed);
LoRA+ (Hayou et al., 2024) which derives better
learning rates; L-LoRA (Tang et al., 2023), which
offers a partial linearization technique for multi-
task fine-tuning. Further, they place Light-PEFT
and B-LoRA in separate groups.

E Optimizing Memory Use for Dynamic
Rank Totals

While post-tuning rank pruning and rank redistribu-
tion methods maintain a (relatively) constant total
(or average) rank over the course of training, the
number of ranks increases in rank growth methods
and decreases in mid-tuning rank pruning meth-
ods. Since in PEFT settings, the number of trained
parameters can have a big impact on the required
memory, the total rank can impact how many to-
kens can be processed in parallel before running
out of memory.

However, practical implementations typically
use a constant number of tokens during training
based on the maximum number of parameters that
will be used at some point in training, leaving mem-
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Figure 6: Number of papers evaluating proposed meth-
ods in under task/base model combinations. ChatGPT
is mostly used as a baseline under the zero-shot setting.

ory underutilized in other parts of training. While
adding additional complexity, this underutilized
memory could potentially be used to process more
tokens in that part of training (e.g., increase the
batch size or sequence length after pruning ranks
mid-tuning). To our knowledge, such an approach
has not been explored yet.

F Evaluation Settings

Figure 6 presents the number of papers using cer-
tain evaluation settings. We recommend using the
most common evaluation settings and referring
to the papers linked in the repository (https://
github.com/plonerma/variable-rank-data).

G Methods and Design Choices

In the following pages, we include tables detailing
the methods included in each subgroup with their
respective design choices. While they clearly do
not fit into the main part of the section, we consider
these a core part of the contribution as they enable
researchers to compare existing methods, identify

gaps which have not been explored yet, and to se-
lect appropriate baselines for specific comparisons.

• Rank pruning

– Mid-tuning rank pruning: Table 1
– Post-tuning rank pruning: Table 2

• Rank growth: Table 3

• Rank redistribution: Table 4

• Rank pre-allocation: Table 5

• Trial-based rank search: Table 6
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Method ♦ granularity ♦ selection
criterion

♦ parametrization ♦ orthonormalization ♦ sparsity

Structured LoRA
(Lawton et al., 2023)

rank sensitivity-based LoRA-like - one-off
mid-training rank

removal

Prune LoRA (Zhang
et al., 2023b)

rank sensitivity-based SVD-like loss-based
regularization

iterative
mid-training rank

removal

FanLoRA (Tian et al.,
2024)

module ablation runs
without and only
with each rank

(comparing
performance on
validation data)

LoRA-like - iterative
mid-training rank

removal

AutoLoRA (Zhang
et al., 2024)

rank learned
importance values

SVD-like with
softmax singular

values

- one-off
mid-training rank

removal

Light-PEFT (Gu et al.,
2024b)

rank sensitivity-based LoRA-like - one-off
mid-training rank

removal

LoRPA (Kim et al.,
2024a)

rank magnitude
(∥∆W∥1)

LoRA-like - one-off
mid-training rank

removal

SalientLoRA (Ke
et al., 2024)

rank salience
(influence of

singular value on
other values

combined with
orthogonality-
aware singular

value magnitude)

SVD-like loss-based
regularization

iterative
mid-training rank

removal

LoRA-drop (Zhou
et al., 2025b)

module norm of output
activation

LoRA-like - one-off
mid-training rank

removal

WeightLoRA
(Veprikov et al.,
2025)

module learned module
weight

LoRA-like with
module-level

weights

- iterative
mid-training

module removal

DiffoRA (Jiang et al.,
2025)

module learned module
weights

LoRA-like with
module weights

- one-off
mid-training rank

removal

NormAL LoRA (Aastik
et al., 2025)

rank rank vector norm LoRA-like - one-off
mid-training rank

removal

PrunedLoRA (Yu et al.,
2025)

rank saliency LoRA-like - iterative
mid-training rank

removal

SubLoRA (Gao and
Tan, 2026)

rank Hessian-based SVD-like - iterative
mid-training rank

removal

FedARA (Wu et al.,
2026)

rank Parameter
Magnitude

SVD-like - iterative
mid-training rank

removal

ShapLoRA (Zhao et al.,
2026)

rank avg. sensitivity
over multiple

subsets of
rank-activations

SVD-like - one-off
mid-training rank

removal

Table 1: Mid-tuning rank pruning methods.
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Method ♦ granularity ♦ selection
criterion

♦ parametrization ♦ orthonormalization ♦ sparsity

SoRA (Ding et al.,
2023)

rank magnitude of
learned gating

parameter

SVD-like - rank coefficient
updated via
shrinkage
operator

AdaLoRA (Zhang et al.,
2023b)

rank sensitivity-based SVD-like loss-based
regularization

iteratively setting
more singular
values to zero

SaLoRA (Hu et al.,
2023)

rank value of learned
gating parameter

LoRA-like with
Hard-Concrete of

gating vector

loss-based
regularization

Lagrangian
relaxation of
constrained
optimization

ensuring sparsity

LoNAS (Munoz et al.,
2024)

rank val. performance
(genetic search)

LoRA-like - activation of
ranks only below

sampled index

ARS (Gao et al., 2024) rank binary mask
generated by
hypernetwork

SVD-like with
binary gate/mask

generated by
hypernetwork

- regularization of
preserved

parameters ratio
to match target

DoRA (Mao et al.,
2024)

rank frobenius niorm
of ∆Wi

SVD-like no orthonormal-
ization, but

regularization of
component

variance

iteratively setting
gating values to

zero

B-LoRA (Meo et al.,
2024)

rank dropout
probability

SVD-like with
nested

gates/dropout

- loss-based
(minimizing gate

activation
probabilities)

IST (Yao et al., 2024) layer sensitivity-based
importance score

LoRA-like - selective
fine-tuning of

complete modules

DPRP (Sharma et al.,
2025)

rank magnitude of
singular value

SVD-like loss-based
regularization

compression loss

ARD-LoRA (Shinwari
and Usama, 2025)

rank meta-learned rank
scaling factor

LoRA-like - loss-based
regularization

Drop-LoRA (Chen
et al., 2025a)

layer boundary layer
downstream
performance

LoRA-like - -

VILoRA (Chen and Gar-
ner, 2025)

rank SNR SVD-like loss-based
regularization

iteratively setting
more singular
values to zero

CoDyRA (Lu et al.,
2026)

rank learned
mask/weight

vector

SVD-like - rank coefficient
updated via
shrinkage
operator

LoRA-SP (Kim et al.,
2026)

rank thresholding sum
of signular values

SVD-like,
singular values
computed using

router

- loss-based
(spectral loss)

RaLo (Deng et al.,
2026b)

rank magnitude of
learned singular

values

SVD-like - rank coefficient
updated via
shrinkage
operator

Table 2: Post-tuning rank pruning methods
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Method ♦ granularity ♦ selection
criterion

♦ parametrization ♦ orthonormalization ♦ initialization

IncreLoRA (Zhang
et al., 2023a)

rank sensitivity-based
(of ∆W0)

SVD-like loss-based A, B normal,
singular values

zero

GeoLoRA (Schotthöfer
et al., 2025)

rank singular values of
expanded

coefficient matrix

SVD-like as part of the
update rule

(employing SVD)

Initial A and B
random but

orthonormal,
singular values
zero. Grown

ranks are
initialized

orthonormal
based on

data-driven
update step.

LoSA (Huang et al.,
2025)

rank reconstruction
error (induced by

sparsity)

LoRA-like - LoRA-like (also
for newly added

layers)

AROMA (Sheng et al.,
2025)

rank grow until
convergence

(ratio of last rank
norm and

remaining weight
below threshold)

LoRA-like - kaiming init

DR-LoRA (Deng et al.,
2026a)

rank expert routing
frequency &

sensitivity-based
score (with

multiplicative
aggregation)

LoRA-like MoE - LoRA-like

La-LoRA (Gu et al.,
2026)

rank based on rank
vector norms

LoRA-like - unclear

SeLoRA (Mao et al.,
2026)

rank ratio of Fisher
Information
between the
original and

extended ranks

LoRA-like - A random, B zero

Table 3: Rank growth methods.
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Method ♦ granularity ♦ selection criterion ♦ redistribution mode ♦ parametrization

ALoRA (Liu et al.,
2024)

rank ablation runs without
and only with each rank

(comparing CE on
validation data)

prune bottom k ranks,
round-robin module

expansion (modules with
high scores first)

SVD-like with gating
unit

ElaLoRA (Chang et al.,
2025)

rank sensitivity-based prune bottom k ranks,
expand top k modules

with the highest minimal
values

SVD-like

WeightLoRA+
(Veprikov et al.,
2025)

module learned module weight prune bottom k ranks, LoRA-like with
module-level weights

L1RA (Singh et al.,
2025)

rank value of gating vector prune bottom k ranks,
round-robin module

expansion (modules with
high scores first)

SVD-like

FlexLoRA (Liu et al.,
2026)

rank matrix-level entropy of
singular values

prune one rank from
bottom k modules,

expand top k modules

SVD-like

Table 4: Rank redistribution methods.

Method ♦ granularity ♦ information source ♦ selection criterion ♦ initialization

PRILoRA (Benedek
and Wolf, 2024)

layer static linearly increasing
towards higher layers

LoRA-like

RA-LoRA (Kim et al.,
2024b)

rank quantization errors of
base weights

normalized cumulative
singular values of

quantization errors (SVD
of error matrix)

LoRA-like

SARA (Gu et al., 2024a) rank base weights sum of singular-values
that do not exceed

threshold ratio (SVD on
base weights)

A, B, singular values are
initialized using the
normal distribution

AdaRank (Dong, 2024) rank hidden states in
perturbed model (on

target task)

perturbation-induced
model disagreements

LoRA-like

GoRA (He et al., 2025) rank base weights and
gradients (on target task)

sensitivity-based A random, B scaled
Moore-Penrose inverse

of A

PLoP (Hayou et al.,
2025)

module hidden states (on target
task)

normalize feature norm
of activations

LoRA-like

SR-LoRA (Zhang et al.,
2025a)

rank base weights stable rank (sum of
squared singular values

of W divided by squared
largest singular value)

LoRA-like

EVA (Paischer et al.,
2025)

rank hidden states (on target
task)

explained variance
(principal directions in

input)

A principal directions in
inputs, B zero

GeLoRA (Ed-dib et al.,
2025)

rank hidden states (on target
task)

2-NN estimate of
intrinsic dimension
(Facco et al., 2017)

LoRA-like

Sensitivity-LoRA
(Zhang et al., 2025b)

rank diagonal of hessian
matrix (on target task)

combination of multiple
metrics based on the

hessian matrix

LoRA-like

RaLoRA-(Pro) (Ye
et al., 2025)

rank gradients (on target task) sensitivity-based MeLoRA-like

Table 5: One-off rank pre-allocation methods.
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Method ♦ granularity ♦ search algorithm

RankAdaptor (Zhou
et al., 2025a)

rank proposal based on learned performance model

HyDRA (Xi et al., 2025) rank proposal based on learned performance model

AutoQRA (Zhou et al.,
2026a)

rank evolutionary search with Bayesian refinement

LARA (Zhou et al.,
2026b)

rank meta-learned NAS

Table 6: Iterative rank pre-allocation methods.
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