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Abstract

Low-Rank Adaptation (LoRA) has become a
de facto standard for parameter-efficient fine-
tuning (PEFT), yet its performance is highly
sensitive to initialization due to the information
bottleneck imposed by low-rank decomposi-
tion. Existing approaches attempt to construct
high-quality LoRA initializations by exploiting
principal components of pretrained weights, ac-
tivations, or gradients. However, these methods
do not directly account for the training dynam-
ics of the full-rank model. In this paper, we
propose Training-aware Low-Rank Adaptation
Initialization (TaRA), a method that initializes
LoRA such that the gradients induced by the
low-rank factors closely approximate the gradi-
ent of the corresponding full-rank weight ma-
trix. Derived from a mathematical formulation,
TaRA improves gradient fidelity at the start of
training while introducing negligible computa-
tional overhead. Across diverse and challeng-
ing fine-tuning tasks, TaRA consistently outper-
forms prior state-of-the-art methods, establish-
ing a simple, robust, and scalable solution for
effective LoRA initialization.

1 Introduction

Parameter-efficient fine-tuning (PEFT) has signifi-
cantly reduced the cost of adapting large language
models (LLMs), enabling their widespread de-
ployment in practical applications (Houlsby et al.,
2019; Li and Liang, 2021). Among PEFT meth-
ods, Low-Rank Adaptation (LoRA) (Hu et al.,
2022) has emerged as the most widely adopted ap-
proach due to its simplicity, substantial reduction
in fine-tuning resource requirements, and absence
of inference-time overhead, as the learned updates
can be merged into the base weights after training.
These advantages have established LoRA as a de
facto standard for efficient LLM fine-tuning.

Despite these benefits, LoRA introduces an in-
herent trade-off: the structured bottleneck imposed
by low-rank decomposition alters the optimization
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Figure 1: Gradient similarity, measured as the cosine
similarity between the one-step gradient of the com-
bined LoRA adapter and that of the full weight, corre-
lates with downstream accuracy.

trajectory relative to full-rank training, which can
lead to suboptimal convergence even when model
capacity is sufficient. Consequently, improving the
effectiveness of LoRA without sacrificing its ef-
ficiency has become an important research direc-
tion (Meng et al., 2024; Buyukakyuz, 2024; Hayou
et al., 2024).

One promising direction is to design more in-
formed initialization strategies for the low-rank
adapters. While the original LoRA initializes its
adapters with random or zero values, subsequent
studies have shown that low-rank initializations
guided by pretrained weight distributions (e.g.,
PiSSA (Meng et al., 2024)), joint weight-data statis-
tics (e.g., CorDA (Yang et al., 2024)), or gradients
from a single forward-backward pass (e.g., LoRA-
GA, LoRA-One (Wang et al., 2024; Zhang et al.,
2025)) consistently yield improved fine-tuning per-
formance. These methods preserve the practical
advantages of LoRA while alleviating degradation
caused by low-rank constraints.

To further address this limitation, we propose
Training-aware Low-Rank Adaptation (TaRA), a
new LoRA initialization method. Unlike prior ap-
proaches that approximate tensor statistics, TaRA is
designed to preserve directions that are important
to the local gradient behavior of full-weight train-
ing, allowing the low-rank parameterization to bet-
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ter reflect training-relevant information at initial-
ization. Grounded in a mathematical formulation,
TaRA derives a low-rank initialization that pre-
serves training-relevant directions in the local gradi-
ent field by jointly leveraging activation covariance,
gradient covariance, and pretrained weights from
a single forward-backward pass. As illustrated in
Figure 1, this initialization achieves substantially
higher gradient alignment than prior methods at the
same rank, leading to consistent downstream im-
provements. Extensive experiments on challenging
reasoning tasks, including mathematical problem
solving, code generation, and commonsense reason-
ing, demonstrate that TaRA outperforms existing
approaches.

2 Prior Work on LoRA Initialization

In the original LoRA, the input-side factor matrix
A is randomly initialized, while the output-side
factor matrix B is set to zero. Although this design
ensures that fine-tuning starts from the pretrained
representations, the resulting initialization contains
no meaningful task-related information, which can
lead to slow early-stage optimization and subopti-
mal convergence (Wang et al., 2024).

Motivated by these limitations, numerous studies
have explored improved initialization strategies for
LoRA (Figure 2). Although the decomposed path
produces a non-zero update, fine-tuning can still
start from the pretrained weight W0 by absorbing
this modification into a frozen residual weight, de-
fined as Wres = W0 −BA. With an appropriate
choice of A and B, a properly initialized model
can accelerate training and typically converges to
better solutions than random initialization.

A key early work in this line of research is
PiSSA (Meng et al., 2024), which proposes a
data-agnostic initialization that leverages the pre-
trained weight matrix W0 ∈ Rdout×din . Specifi-
cally, PiSSA performs singular value decomposi-
tion (SVD), W0 = USV⊤, and initializes LoRA
using the top-r singular components:

B = U[:, : r]S1/2[: r, : r] ∈ Rdout×r, (1)

A = S1/2[: r, : r]V⊤[:, : r] ∈ Rr×din . (2)

More recently, CorDA (Yang et al., 2024) ex-
tends this idea by incorporating input statistics in
addition to pretrained weights. CorDA first esti-
mates the input activation covariance ΣX = XX⊤

from input activations X, and then performs the

following decomposition:

SVD(W0ΣX)Σ−1
X = ŪS̄V̄⊤. (3)

The resulting components are used to initialize
B, A, and Wres in the same manner as PiSSA.
Both PiSSA and CorDA align the LoRA subspace
with principal components derived from pretrained
weights or input-dependent statistics, resulting in
faster convergence and improved accuracy.

Orthogonal to these approaches, LoRA-GA
(Wang et al., 2024) and its successor, LoRA-One
(Zhang et al., 2025), leverage gradient information.
These methods are motivated by the observation
that the fine-tuning quality of LoRA depends on the
alignment of its update direction with the dominant
singular subspace of the full fine-tuning gradient.
Based on this insight, LoRA-One performs SVD
of the one-step full gradient of weight G,

SVD(−G) = ÛŜV̂⊤, (4)

and use the top-r singular components to initial-
ize the LoRA. By leveraging gradient information,
these methods initialize the LoRA modules along
directions that are partially informed by training
signals, often leading to improved fine-tuning per-
formance in practice.

However, despite utilizing internal tensor statis-
tics of the pretrained model, prior approaches pri-
marily focus on enhancing the representational ca-
pacity of the low-rank decomposition, rather than
explicitly aligning it with the learning dynamics
of full fine-tuning. Consequently, a performance
gap remains, which cannot be effectively closed by
merely increasing the rank or tuning hyperparame-
ters.

3 Proposed Idea: TaRA

In this section, we introduce TaRA, a novel LoRA
initialization method designed to enhance fine-
tuning quality under a strict low-rank constraint.
We begin by formalizing the objective, derive a
low-rank solution, and then describe its practical
implementation.

3.1 Motivation
The key motivation behind TaRA is simple yet fun-
damental: even under the low-rank bottleneck im-
posed by LoRA, we aim to construct a low-rank
parameterization whose induced local gradient be-
havior closely approximates that of the correspond-
ing full-rank weight. In other words, TaRA embeds
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Figure 2: Illustration of our single-layer procedure. We collect activations X and gradients G to form covariances
ΣX and ΣG. PiSSA applies SVD to W; CorDA applies SVD to WΣX and maps back with Σ−1

X ; LoRA-One
applies SVD to −G. In contrast, TaRA applies SVD to ΣGWΣX and maps back with Σ−1

G and Σ−1
X .

training-relevant directions of the local gradient
field into the low-rank structure. This perspective
naturally leads to the following question: Under
a rank-r constraint, how can we construct a low-
rank parameterization that preserves the direc-
tions most relevant to the local gradient behavior
of full fine-tuning?

To formalize this intuition, we consider the fol-
lowing objective:

θ̃ = argmin
θ
∥∇L(θ)−∇L(θ0)∥2F ,

s.t. rank(θ) ≤ r,
(5)

where L denotes the task loss. Intuitively, this ob-
jective seeks a rank-constrained parameterization
that preserves the local gradient behavior of the
corresponding full-rank parameter at θ0.

3.2 Training-Relevant Decomposition
To obtain a tractable formulation, we adopt a
standard second-order view of the loss landscape
around the initialization point. In particular, we fo-
cus on the one-step gradient at initialization (Wang
et al., 2024), which captures the dominant train-
ing signal in the early stage of optimization. In
practice, this approximation is sufficient to guide
effective low-rank initialization, as demonstrated
by the convergence results in Section 4.2.

Using a second-order Taylor expansion of the
loss around θ0, we obtain

L(θ) ≈ L(θ0) +∇L(θ0)⊤(θ − θ0)

+
1

2
(θ − θ0)

⊤H(θ − θ0),
(6)

where H denotes the Hessian evaluated at θ0.
In large models, directly computing the Hessian

is infeasible. Following common practice, we in-
stead use the Fisher information matrix F as a
tractable surrogate for local curvature (Chekalina
et al., 2025; Martens, 2020). Using the K-FAC fac-
torization (Martens and Grosse, 2015), the Fisher
matrix can be written as

F ≈ ΣX ⊗ΣG, (7)

where ΣG = GG⊤ denotes the gradient covari-
ance. Under this formulation, differentiating Eq. (6)
with respect to θ yields (derivation is in Appendix):

∇L(θ)−∇L(θ0) ≈ ΣG(θ − θ0)ΣX . (8)

This relation reveals a key insight: the change
in gradient induced by a parameter update is mod-
ulated by the curvature structure of the loss. Con-
sequently, directions associated with large Fisher



or Hessian values have a disproportionately large
influence on the optimization trajectory. Preserving
these directions is therefore crucial for faithfully
approximating full fine-tuning under a low-rank
space.

Empirically, the Hessian spectrum of modern
neural networks is known to exhibit a highly struc-
tured form, consisting of a small set of prominent
outlier eigenvectors and a near-zero bulk that is
largely orthogonal to them (Gur-Ari et al., 2018;
Sagun et al., 2017). Moreover, prior work shows
that gradient descent effectively evolves within a
small subspace spanned by the top Hessian eigen-
vectors (Gur-Ari et al., 2018). These observations
suggest that dominant curvature directions provide
a natural criterion for identifying effective low-rank
training updates.

Motivated by this insight, we seek a rank-r
approximation θ̃ that minimizes the curvature-
weighted gradient deviation in Eq. (8):

θ̃ ≈ argmin
θ
∥ΣG(θ − θ0)ΣX∥2F ,

s.t. rank(θ) ≤ r.
(9)

This corresponds to a classical low-rank matrix
approximation problem. By the Eckart–Young theo-
rem (Eckart and Young, 1936; Golub and Van Loan,
2013), the optimal solution is obtained by retaining
the top-r singular components of decomposition:

θ̃ ≈ Σ−1
G SVDr(ΣGθ0ΣX)Σ−1

X , (10)

where SVDr(·) denotes the truncated SVD.1

This result shows that the optimal low-rank ap-
proximation corresponds to preserving the domi-
nant curvature directions of the pretrained parame-
ter θ0.

3.3 Implementation of TaRA
Based on the above formulation, TaRA can be

implemented as an efficient layer-wise LoRA ini-
tialization procedure for linear layers, summarized
in Algorithm 1. In the Collect stage, we gather
task-dependent statistics using a small calibration
dataset D. During the forward pass, we record
input activations and concatenate them to form
X ∈ Rdin×|B|L. During the backward pass, we col-
lect the corresponding weight gradients to obtain

1This is often confused with Fisher-weighted model com-
pression; key differences are described in Appendix H.

Algorithm 1 TaRA, init for single layer

Input: Pre-trained weight of single linear layer
W0 ∈ Rdout×din , calibration dataset D, LoRA
rank r ∈ N
Collect:

1: Collect input activations in forward pass
X ∈ Rdin×|B|L

2: Collect weight gradients in backward pass
G ∈ Rdout×|B|L

3: Compute activation covariance
ΣX ← XX⊤ ∈ Rdin×din

4: Compute gradient covariance
ΣG ← GG⊤ ∈ Rdout×dout

Init:
1: Ũ, S̃, Ṽ⊤ ← SVD(ΣGW0ΣX)

2: B← Σ−1
G Ũ[:,:r]S̃

1/2
[:r,:r] ∈ Rdout×r

3: A← S̃
1/2
[:r,:r]Ṽ

⊤
[:,:r]Σ

−1
X ∈ Rr×din

4: Wres ←W0 −BA ∈ Rdout×din

G ∈ Rdout×|B|L. These statistics are used to esti-
mate the covariance matrices ΣX and ΣG. In the
Init stage, we compute the SVD of ΣGW0ΣX and
project the resulting components back to the origi-
nal space using Σ−1

G and Σ−1
X . This produces sin-

gular components that capture the training-relevant
directions under the Fisher-weighted metric.

In practice, the covariance matrices may be rank-
deficient (Yankun et al., 2025; Zhao et al., 2024),
which makes direct inversion unstable. To ensure
numerical stability, we apply diagonal damping,
ΣG ← ΣG + cβI and ΣX ← ΣX + cβI, a well-
known technique in second-order and Fisher-based
optimization methods (Martens and Grosse, 2015;
Ledoit and Wolf, 2012). Following (Yang et al.,
2024), we set β to the mean singular value of
each covariance matrix and use c = 10−2 (see
Appendix D for further analysis).

After computing the decomposition, we truncate
it to rank r and construct the LoRA factors. The
trainable matrices A and B are initialized from
the top-r singular components, scaled by the in-
verse covariance matrices to align them with the
curvature-weighted subspace. We then update the
frozen residual weight so that the model initially
preserves the pretrained function. Applying this
procedure independently to each linear layer yields
a training-friendly LoRA initialization.

4 Experiments

We evaluate the proposed method through ex-
tensive experiments across multiple LLMs and



Rank Method GSM8K-D GSM8K-COT MATH HumanEval MBPP AVG

128

Full fine-tuning (lr=4e-5) 54.71± 0.20 50.70± 0.25 10.15± 0.04 26.83± 0.50 26.20± 0.65 33.72± 0.33

LoRA (lr=4e-5) 44.83± 0.38 37.23± 0.55 6.12± 0.04 21.14± 0.29 22.67± 0.77 26.40± 0.41
PiSSA (lr=4e-5) 53.85± 0.07 47.42± 0.14 8.98± 0.04 23.46± 0.64 24.87± 0.57 31.72± 0.29
CorDA (lr=4e-5) 55.54± 0.54 47.56± 0.27 9.41± 0.11 24.06± 0.20 24.10± 0.22 32.13± 0.27
LoRA-One (lr=2e-4) 52.92± 0.49 46.74± 0.22 9.28± 0.07 23.81± 0.59 24.83± 0.47 31.52± 0.37
TaRA (lr=4e-5) 56.59± 0.25 50.42± 0.13 10.08± 0.10 22.59± 0.58 25.20± 0.67 32.98± 0.34

64

LoRA (lr=4e-5) 40.31± 0.18 32.65± 0.20 5.27± 0.05 17.88± 0.60 21.40± 0.59 23.50± 0.32
PiSSA (lr=4e-5) 49.05± 0.86 43.57± 0.28 7.29± 0.16 21.47± 0.97 23.73± 0.62 29.02± 0.58
CorDA (lr=4e-5) 51.45± 0.40 42.77± 0.33 8.13± 0.18 21.14± 0.76 24.93± 0.41 29.68± 0.42
LoRA-One (lr=2e-4) 51.54± 0.83 42.84± 0.43 8.06± 0.08 24.39± 0.86 25.20± 0.43 30.41± 0.53
TaRA (lr=4e-5) 54.12± 0.93 44.49± 0.11 9.23± 0.07 23.58± 0.70 25.40± 0.36 31.36± 0.43

32

LoRA (lr=4e-5) 38.36± 0.35 31.51± 0.22 5.10± 0.12 18.90± 0.68 20.47± 0.82 22.87± 0.44
PiSSA (lr=4e-5) 46.40± 0.06 36.64± 0.29 6.42± 0.06 20.73± 0.50 22.31± 0.13 26.50± 0.21
CorDA (lr=4e-5) 48.09± 0.22 38.82± 0.64 6.96± 0.06 19.10± 0.58 24.33± 0.82 27.46± 0.46
LoRA-One (lr=2e-4) 47.44± 0.30 41.55± 0.17 7.49± 0.11 20.69± 0.26 24.60± 0.43 28.35± 0.26
TaRA (lr=4e-5) 50.14± 0.08 41.70± 0.27 8.57± 0.06 21.53± 0.29 24.73± 0.52 29.33± 0.24

Table 1: Comparison of LoRA, PiSSA, CorDA, LoRA-One, and TaRA on natural language generation tasks. Each
result is the mean over three seeds, and the standard deviation is shown in small gray text. Red color indicates the
best PEFT result within each model block, excluding Full FT.

a diverse set of downstream tasks. We compare
TaRA against full fine-tuning and several LoRA
initialization baselines, including LoRA (Hu et al.,
2022), PiSSA (Meng et al., 2024), CorDA (Yang
et al., 2024), and LoRA-One (Zhang et al., 2025).
We also include the state-of-the-art LoRA variants,
MiSS (Kang and Yin) and LoRAM (Zhang et al.,
2026) for comparison. Our evaluation covers two
task categories: natural language generation (NLG)
and natural language understanding (NLU), and
systematically examines performance across differ-
ent model and LoRA rank budgets.

4.1 Experimental Setup

Natural Language Generation Tasks. For NLG,
we consider math problem solving and code gener-
ation. We fine-tune LLaMA-2-7B (Touvron et al.,
2023) on 100K samples from MetaMathQA (Yu
et al., 2023) for math and 100K samples from
CodeFeedback-Filtered-Instruction (Zheng et al.,
2024) for code. Models are trained with LoRA
ranks of 128, 64 and 32 to assess robustness across
rank budgets (LoRA α is set equal to the rank).

For evaluation, math performance is measured
on GSM8K-D (Cobbe et al., 2021) and MATH
(Hendrycks et al., 2021) using direct prompting,
as well as GSM8K-COT (Wei et al., 2022) under
an 8-shot chain-of-thought setting with the Lan-
guage Model Evaluation Harness (Biderman et al.,
2024). Code generation is evaluated on HumanEval
(Chen, 2021) and MBPP (Austin et al., 2021) using
the BigCode Evaluation Harness (Ben Allal et al.,
2022). All evaluation harnesses are used with their
default configurations.

Natural Language Understanding Tasks. For
NLU, we focus on commonsense reasoning. Mod-
els are fine-tuned on the Commonsense-170K
dataset (Hu et al., 2023). To evaluate scalabil-
ity and generality, we conduct experiments on
three base models—DeepSeek-R1-Distill-Qwen-
1.5B (Guo et al., 2025), LLaMA-2-7b (Touvron
et al., 2023), LLaMA-3.1-8B (Grattafiori et al.,
2024), and Qwen-3-8B (Yang et al., 2025)—with
a fixed LoRA rank of 128 (LoRA α is set equal to
the rank).

We evaluate performance on eight benchmarks:
BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020),
SIQA (Sap et al., 2019), HellaSwag (Zellers et al.,
2019), WinoGrande (Sakaguchi et al., 2021), ARC-
Challenge, ARC-Easy (Clark et al., 2018), and
OBQA (Mihaylov et al., 2018).

For full fine-tuning, LoRA, PiSSA, CorDA and
TaRA, we follow the hyperparameter settings of
CorDA (Yang et al., 2024) and select the best
learning rate. For LoRA-One, which is sensitive to
learning-rate choice, we use the optimal value re-
ported in its original paper. For all methods that re-
quire calibration (CorDA, LoRA-One, and TaRA),
we set the calibration set size to 256 and conducted
all experiments under this setting. All results are
obtained from the final training checkpoint and re-
ported in terms of task accuracy. Additional details
are provided in the Appendix. All experiments are
conducted on A100 GPUs (80GB).

4.2 Natural Language Generation Task

Table 1 compares performance on natural language
generation benchmarks across different LoRA
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Figure 3: Training loss over steps on LLaMA-2-7B fine-tuned with MetaMathQA. We compare LoRA, PiSSA,
CorDA, LoRA-One, and TaRA at (a) r = 128 and (b) r = 32; insets show the first 30 steps.
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Figure 4: GSM8K-D accuracy over training steps when
fine-tuning LLaMA-2-7B on the MetaMathQA dataset.

ranks (r ∈ 128, 64, 32). Overall, TaRA achieves
the highest average performance at all ranks, con-
sistently outperforming prior initialization meth-
ods such as PiSSA, CorDA, and LoRA-One. At
r = 128, TaRA attains the best results on
GSM8K-D/GSM8K-COT, MATH, and MBPP, and
also yields the highest average score. At r =
64, TaRA remains the top-performing method
on GSM8K-D/GSM8K-COT, MATH, and MBPP,
leading to the best average performance as well.
Even at r = 32, TaRA exhibits a relatively
small performance drop compared to other base-
lines, achieving the best performance across all
tasks and demonstrating the most stable behavior
across ranks. These results highlight the strength
of the proposed initialization in efficiently captur-
ing training-relevant directions under a constrained
parameter budget.

Notably, LoRA-One also underperforms PiSSA
and CorDA at r = 128, suggesting that directly
applying SVD to gradients is ineffective at higher
ranks. Overall, these results indicate that neither
simple SVD-based nor random initialization is suf-
ficient to capture training-relevant directions under
tight constraints, whereas TaRA does so effectively.

Figures 3a and 3b show the training loss curves
on MetaMathQA for r = 128 and r = 32. In
both settings, TaRA converges more smoothly and
reaches a lower loss than prior methods. This sug-
gests that the proposed initialization provides a

Method Rank Trainable param. GSM8K-D GSM8K-COT

LoRAM 128 319.8M (4.53%) 53.65± 0.05 47.46± 0.05
MiSS 256 348.1M (4.91%) 54.13± 0.03 48.67± 0.02
TaRA 128 319.8M (4.53%) 56.59± 0.25 50.42± 0.13

Table 2: Comparison with LoRA variants on GSM8K-D
and GSM8K-CoT. Baseline results report the mean and
variance over three seeds. Red color indicates the best
result in each task.

more effective update subspace at the early stage
of training, enabling more efficient optimization,
and that its benefit persists into later phases of
training (Gur-Ari et al., 2018). This advantage per-
sists throughout fine-tuning, as also reflected in
GSM8K-D accuracy over training steps (Figure 4).
While PiSSA and CorDA exhibit limited improve-
ment and LoRA-One improves only in later stages,
TaRA achieves rapid early gains and consistently
attains the best performance at both intermediate
and final stages.

Comparison with Non-Initialization PEFT vari-
ants To compare TaRA with recent PEFT vari-
ants beyond LoRA initialization methods, we eval-
uated MiSS and LoRAM on mathematical reason-
ing tasks. For both MiSS and LoRAM, we used
the same learning rate as TaRA, 4e-5. To approx-
imately match the number of trainable parame-
ters, we set the rank to 256 for MiSS and 128
for LoRAM. Table 2 presents the results. Over-
all, TaRA demonstrates that, even when using the
standard LoRA parameterization, a well-designed
initialization can outperform recent PEFT variants
on mathematical reasoning tasks.

4.3 Natural Language Understanding Task

Table 3 compares performance on standard com-
monsense reasoning benchmarks across three mod-
els: DeepSeek-R1-Distill-Qwen-1.5B, LLaMA-
2-7B LLaMA-3.1-8B, and Qwen-3-8B. Over-



Model Method BoolQ PIQA SIQA HS WG ARC-c ARC-e OBQA AVG

DeepSeek-R1
-Distill-Qwen
-1.5B

Full FT 63.04 ± 0.12 61.41 ± 0.38 52.58 ± 0.02 27.40 ± 0.10 49.41 ± 0.49 45.22 ± 0.36 61.38 ± 0.16 42.47 ± 0.62 50.36 ± 0.18
LoRA 62.60 ± 0.04 61.64 ± 0.38 51.66 ± 0.16 25.77 ± 0.24 50.57 ± 0.44 46.33 ± 0.30 62.16 ± 0.24 42.73 ± 0.52 50.43 ± 0.05
PiSSA 64.68 ± 0.11 65.02 ± 0.09 63.15 ± 0.27 38.84 ± 0.31 57.75 ± 0.16 54.38 ± 0.42 69.32 ± 0.03 54.60 ± 0.16 58.47 ± 0.03
CorDA 64.89 ± 0.13 66.14 ± 0.11 65.51 ± 0.11 37.04 ± 0.28 58.27 ± 0.23 55.26 ± 0.15 68.62 ± 0.19 56.20 ± 0.49 58.99 ± 0.09
LoRA-One 63.77 ± 0.18 64.33 ± 0.27 65.01 ± 0.34 31.33 ± 0.14 58.82 ± 0.29 51.91 ± 0.38 69.46 ± 0.14 55.13 ± 0.41 57.47 ± 0.12
TaRA 64.77 ± 0.20 67.28 ± 0.88 65.52 ± 0.11 38.18 ± 0.16 60.22 ± 0.70 54.52 ± 0.43 68.43 ± 0.16 59.20 ± 0.49 59.77 ± 0.36

LLaMA-2-7B

Full FT 70.62 ± 0.29 81.18 ± 0.09 78.04 ± 0.15 76.04 ± 0.09 79.03 ± 0.18 66.61 ± 0.04 83.71 ± 0.06 77.80 ± 0.00 76.63 ± 0.06
LoRA 63.72 ± 0.21 77.24 ± 0.09 72.66 ± 0.16 56.50 ± 0.10 69.09 ± 0.16 61.66 ± 0.10 79.81 ± 0.16 64.33 ± 0.34 68.13 ± 0.01
PiSSA 70.34 ± 0.15 80.92 ± 0.14 78.22 ± 0.05 85.83 ± 0.01 78.61 ± 0.07 67.75 ± 0.07 83.67 ± 0.06 77.73 ± 0.09 77.89 ± 0.01
CorDA 70.42 ± 0.24 80.94 ± 0.20 78.93 ± 0.09 83.43 ± 0.12 80.42 ± 0.34 66.95 ± 0.20 83.16 ± 0.07 77.60 ± 0.28 77.73 ± 0.02
LoRA-One 71.22 ± 0.08 80.88 ± 0.08 78.48 ± 0.02 89.19 ± 0.00 80.56 ± 0.07 67.12 ± 0.04 82.91 ± 0.04 79.40 ± 0.00 78.72 ± 0.02
TaRA 71.34 ± 0.04 80.49 ± 0.09 79.00 ± 0.19 88.84 ± 0.03 80.74 ± 0.11 66.98 ± 0.14 83.23 ± 0.08 80.60 ± 0.28 78.90 ± 0.04

LLaMA-3.1-8B

Full FT 74.39 ± 0.15 88.45 ± 0.07 80.35 ± 0.04 95.52 ± 0.00 85.98 ± 0.08 82.17 ± 0.07 92.31 ± 0.02 84.60 ± 0.16 85.47 ± 0.03
LoRA 71.93 ± 0.15 85.91 ± 0.04 77.43 ± 0.07 92.63 ± 0.08 81.06 ± 0.11 78.24 ± 0.07 90.57 ± 0.06 79.47 ± 0.09 82.15 ± 0.02
PiSSA 74.30 ± 0.23 88.21 ± 0.25 79.97 ± 0.08 95.19 ± 0.09 85.74 ± 0.30 80.03 ± 0.19 91.38 ± 0.44 86.13 ± 0.25 85.13 ± 0.02
CorDA 74.56 ± 0.23 88.34 ± 0.23 80.16 ± 0.26 95.21 ± 0.02 85.37 ± 0.24 80.81 ± 0.38 91.74 ± 0.07 86.60 ± 0.16 85.35 ± 0.06
LoRA-One 74.50 ± 0.05 88.03 ± 0.02 80.34 ± 0.24 96.04 ± 0.01 86.35 ± 0.43 80.66 ± 0.15 91.64 ± 0.07 86.33 ± 0.09 85.49 ± 0.06
TaRA 74.69 ± 0.27 88.73 ± 0.06 80.33 ± 0.17 95.35 ± 0.05 86.72 ± 0.32 80.49 ± 0.29 91.86 ± 0.03 86.40 ± 0.16 85.57 ± 0.04

Qwen-3-8B

Full FT 72.07 ± 0.09 89.74 ± 0.09 80.19 ± 0.13 93.19 ± 0.02 81.09 ± 0.20 91.86 ± 0.11 96.59 ± 0.06 88.87 ± 0.50 86.70 ± 0.06
LoRA 71.39 ± 0.16 88.68 ± 0.13 79.60 ± 0.02 91.77 ± 0.01 77.66 ± 0.23 91.53 ± 0.08 96.56 ± 0.02 88.13 ± 0.09 85.67 ± 0.04
PiSSA 71.34 ± 0.30 89.88 ± 0.12 80.09 ± 0.18 94.25 ± 0.01 82.95 ± 0.13 91.44 ± 0.04 96.86 ± 0.04 91.07 ± 0.19 87.24 ± 0.03
CorDA 71.19 ± 0.08 89.46 ± 0.10 81.19 ± 0.05 94.10 ± 0.01 82.35 ± 0.04 88.88 ± 0.08 95.62 ± 0.00 90.80 ± 0.00 86.70 ± 0.01
LoRA-One 73.26 ± 0.09 89.41 ± 0.14 80.16 ± 0.14 94.57 ± 0.01 84.95 ± 0.10 91.13 ± 0.07 97.22 ± 0.00 90.40 ± 0.28 87.64 ± 0.05
TaRA 71.19 ± 0.17 89.90 ± 0.07 81.32 ± 0.04 94.38 ± 0.03 83.11 ± 0.07 89.85 ± 0.19 96.88 ± 0.09 91.40 ± 0.00 87.25 ± 0.02

Table 3: Comparison of Full FT, LoRA, PiSSA, CorDA, LoRA-One, and TaRA on commonsense reasoning tasks.
Results are averaged over three seeds, with standard deviations shown in gray text. Red and Orange color denote the
best and second-best PEFT results in each model, excluding Full FT. Abbr. HS = HellaSwag, WG = WinoGrande.

all, TaRA achieves the best average per-
formance on DeepSeek-R1-Distill-Qwen-1.5B,
LLaMA-2-7B and LLaMA-3.1-8B, outperforming
PiSSA, CorDA, and LoRA-One. On Qwen-3-8B,
TaRA slightly underperforms LoRA-One in terms
of average score but remains competitive, consis-
tently outperforming LoRA, PiSSA, and CorDA.
While fine-tuning performance is often distribution-
dependent and no method consistently dominates
across all settings, a well-known phenomenon also
observed in prior work, we evaluate methods based
on their generality across diverse scenarios. Un-
der this criterion, TaRA consistently performs well,
achieving top-1 performance in 15 out of 32 cases
and second-best in 11 more. In contrast, LoRA-
One and CorDA achieve top-1 in only 8 and 5
cases, respectively, highlighting the robustness of
TaRA beyond specific models or tasks.

4.4 Gradient Alignment Analysis

To verify whether the proposed method can effec-
tively extract principal components that are impor-
tant from a training perspective, we use the one-
step gradient computed from the full-rank weight
W0 as a reference. We apply PiSSA, CorDA, and
TaRA to obtain rank-r approximations, restore
them to the original parameter shape, and com-
pute the corresponding one-step gradients. We then
measure the cosine similarity between the gradient
induced by each low-rank parameterization and the
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Figure 5: Gradient similarity, measured as the cosine
similarity between the n-step (5, 10, 50, 100, 200 and
300) gradient of the combined LoRA adapter and that
of the full weight, correlates with downstream accuracy.

gradient of the corresponding full-rank weight to
quantify their local gradient alignment.

We conduct this experiment on RoBERTa-base
(Liu et al., 2019) trained for one step on the CoLA
task (Warstadt et al., 2019) in the GLUE bench-
mark (Wang et al., 2018). Cosine similarities are
computed for all linear layers over 100 random
samples and averaged across layers.

As shown in Figure 1, TaRA achieves substan-
tially higher alignment with the full-rank gradient
than PiSSA and CorDA across all ranks. PiSSA
shows little improvement as the rank increases,
while CorDA exhibits only modest gains due to its
task-aware initialization. In contrast, TaRA demon-
strates a sharp increase in cosine similarity with
rank and consistently attains the highest alignment,
resulting in better fine-tuning quality. These re-
sults indicate that TaRA more effectively preserves
training-relevant principal components that are crit-



(r = 128) Init Time Training Time

LoRA TaRA

MetaMathQA 18m 6h01m 6h20m (5%↑)
CodeFeedback 18m 6h40m 6h58m (4%↑)

Table 4: Initialization and training time comparison.
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Figure 6: (a) Ablation of the numeric precision used
to collect covariance statistics for TaRA initialization
(FP8/FP16/FP32), reporting GSM8K-D accuracy across
ranks r ∈ 16, 32, 64, 128. (b) Ablation of the calibration
set size (32, 64, 128, 256), reporting math reasoning
tasks accuracy.

ical for optimization.
Additionally, we further analyzed the effect of

initialization beyond the very early stage of train-
ing. Figure 5 presents the gradient alignment mea-
sured after n training steps (5, 10, 50, 100, 200, and
300) under the same setup as the one-step analy-
sis above. We observe that TaRA maintains sub-
stantially higher alignment than the other methods
even after multiple training steps. We also found an
interesting trend in this experiment: although the
gradient similarity decreases from its initial level as
training progresses, after a certain point it no longer
drops and instead maintains a consistent level of
similarity to Full FT2. These results imply that, if
the initialization induces gradients similar to those
of Full FT at the beginning of training, its effect
may persist throughout the training process.

4.5 Initialization Overhead Analysis

Table 4 reports the initialization time, including
covariance collection and SVD computation. For
LLaMA-2-7B on MetaMathQA and CodeFeed-
back, initialization accounts for only 4-5% of the
total fine-tuning time, demonstrating that its com-
putational overhead is affordable in practice.

Since TaRA requires collecting both activation
and gradient covariances, its initialization can in-
cur nontrivial memory overhead. To reduce this
cost, we explore lower-precision accumulation of

2We provide an intuitive explanation of this phenomenon
in Appendix F.

covariance statistics. Figure 6a shows the results in
which covariances are collected in FP8, FP16, or
FP32, followed by initialization and evaluation on
LLaMA-2-7B for GSM8K-D across LoRA ranks.
Lowering the precision results in only minor ac-
curacy variations, with slight gains or losses de-
pending on the rank. These results indicate that
low-precision covariance collection is an effective
alternative to reduce memory usage during initial-
ization.

Additionally, we analyzed the performance vari-
ation with respect to the calibration set size. Figure
6b shows the performance trends across different
calibration set sizes (32,64,128, and 256). The re-
sults show that TaRA achieves stable performance
even with a small calibration set, with only mi-
nor variation in performance. This observation sug-
gests that TaRA remains effective even when only
a small calibration set is available.

5 Related Work

A wide range of PEFT methods have been pro-
posed to reduce the cost of adapting large language
models (Ding et al., 2023; Xu et al., 2023a). These
methods span several paradigms, including adapter-
based approaches (Houlsby et al., 2019; Lei et al.,
2023; He et al., 2021; Rücklé et al., 2021; Zhao
et al., 2022; Pfeiffer et al., 2021), prompt-based
methods (Li and Liang, 2021; Hambardzumyan
et al., 2021; Lester et al., 2021; Vu et al., 2022; Asai
et al., 2022), and low-rank adaptation techniques
(Hu et al., 2022; Zhang et al., 2023; Valipour et al.,
2023). Adapter- and prompt-based methods intro-
duce additional trainable components and optimize
only these parameters, but they modify the model
architecture and often incur inference overhead.

LoRA (Hu et al., 2022) addresses this limitation
by freezing pretrained weights and learning a low-
rank update parameterized by matrices A and B,
which project activations into and out of a bottle-
neck space. LoRA is simple, computationally effi-
cient, and allows the learned update to be merged
into the base weights after training, enabling infer-
ence without additional overhead.

Building on LoRA, many extensions have been
developed to further improve efficiency and per-
formance. These efforts primarily focus on allo-
cating update capacity across layers and enabling
training under resource constraints, particularly
memory limitations. Representative approaches in-
clude adaptive rank allocation (Zhang et al., 2023;



Valipour et al., 2023), redesigning low-rank update
structures (Liu et al., 2024; Zhao et al., 2024; Qiu
et al., 2023), and integrating LoRA with pruning
(Zhang et al., 2024) or quantization (Dettmers et al.,
2023; Xu et al., 2023b). Together, these methods
mitigate the accuracy degradation caused by rank
constraints while preserving LoRA’s core benefit.

Notably, these advances are largely orthogonal
to the choice of LoRA initialization. As a result,
they are complementary to the method proposed in
this work, and combining them may yield further
performance gains.

6 Conclusion

In this paper, we propose training-aware low-rank
adaptation initialization (TaRA), a new PEFT ap-
proach that explicitly prioritizes training-relevant
directions. TaRA performs a covariance-aware
SVD that jointly incorporates activation and gra-
dient statistics to identify directions that are most
influential during optimization. Using the resulting
low-rank approximation, we show that the induced
one-step gradient closely matches that of full fine-
tuning, indicating effective preservation of training-
relevant information. When applied to LoRA ini-
tialization, TaRA consistently outperforms existing
methods and achieves state-of-the-art performance
across a wide range of benchmarks.

7 Limitations

First, TaRA is tailored to the calibration and train-
ing distribution, so its gains can be less stable
under distribution shift. HumanEval and MBPP
are out-of-distribution relative to the CodeFeed-
back training data, and their performance varies
non-monotonically with rank across the compared
methods (Appendix E). Although TaRA remains
effective on in-distribution tasks, improving its ro-
bustness to unseen distributions is an important
direction for future work.

Second, compared with calibration-free meth-
ods such as LoRA and PiSSA, TaRA requires a
task-specific calibration stage to collect activation
and gradient covariance statistics. This introduces
additional data access and one-time computation
and memory costs before fine-tuning. Our over-
head and calibration size analyses show that these
costs are manageable in practice, but reducing this
calibration dependency would further improve the
applicability of TaRA.
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Appendix

A Proof of Equation

Second-order Taylor expansion. Let L be the loss and θ the parameter matrix of a model, with
reference point θ0. A second-order Taylor expansion of L(θ) around θ0 gives

L(θ) ≈ L(θ0) +∇L(θ0)⊤(θ − θ0) +
1

2
(θ − θ0)

⊤H(θ − θ0), H := ∇2L(θ0).

Hessian to Fisher curvature surrogate. Instead of explicitly forming the Hessian H , we use the Fisher
information matrix F as a curvature surrogate, and replace the quadratic curvature term by F :

L(θ) ≈ L(θ0) +∇L(θ0)⊤(θ − θ0) +
1

2
(θ − θ0)

⊤F(θ − θ0).

Fisher to K-FAC approximation. Following the K-FAC approximation (Martens and Grosse, 2015),
we factorize the Fisher matrix as

F ≈ ΣX ⊗ ΣG,

where ΣX and ΣG are the activation and gradient covariance matrices, respectively. Using standard
Kronecker/vectorization identities, the quadratic form induced by F can be written as

(θ − θ0)
⊤(ΣX ⊗ ΣG)(θ − θ0) = tr

(
(θ − θ0)

⊤ΣG(θ − θ0)ΣX

)
.

Quadratic term. We define the corresponding curvature-induced quadratic term as

P (θ) :=
1

2
tr
(
ΣG(θ − θ0)ΣX(θ − θ0)

⊤
)
.

Then the Taylor model can be rewritten as

L(θ) ≈ L(θ0) +∇L(θ0)⊤(θ − θ0) + P (θ).

Differential/trace computation of ∇P (θ). Let E := θ − θ0. Then

P (θ) =
1

2
tr
(
ΣGEΣXE⊤

)
.

Taking the differential yields

dP (θ) =
1

2
tr
(
ΣG dE ΣX E⊤

)
+

1

2
tr
(
ΣGE ΣX dE⊤

)
.

Using cyclicity of trace and tr(AdE⊤) = tr(A⊤dE), we obtain

dP (θ) =
1

2
tr
(
ΣXE⊤ΣG dE

)
+

1

2
tr
(
(ΣGEΣX)⊤dE

)
.

Since ΣX and ΣG are covariance matrices, we use symmetric estimates so that Σ⊤
X = ΣX and Σ⊤

G = ΣG,
which makes the two terms equal and yields

dP (θ) = tr
(
(ΣGEΣX)⊤dE

)
.



Identifying the gradient and the final relation. By the defining relation for a scalar function,

dP (θ) = tr
(
(∇EP (θ))⊤dE

)
,

we identify
∇EP (θ) = ΣGEΣX .

Finally, since E = θ − θ0 implies dE = dθ, we conclude

∇P (θ) = ΣG(θ − θ0)ΣX .

Taking the gradient of the Taylor model L(θ) ≈ L(θ0) +∇L(θ0)⊤(θ − θ0) + P (θ) gives

∇L(θ) ≈ ∇L(θ0) +∇P (θ),

and therefore
∇L(θ)−∇L(θ0) ≈ ΣG(θ − θ0)ΣX .
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Figure 7: Loss landscape

Method CoLA SST-2 MRPC STS-B QNLI AVG

Full FT 58.67 93.97 89.61 89.80 92.23 84.86

LoRA 54.68 94.31 87.25 88.73 92.52 83.50
PiSSA 58.46 94.22 88.17 89.64 92.55 84.61
CorDA 58.68 92.82 89.07 89.49 92.13 84.44
TaRA 58.86 94.50 87.50 90.38 92.93 84.83

Table 5: Performance on the GLUE benchmark, aver-
aged over five seeds. Red color indicates the best PEFT
result in each column, excluding Full FT.

B GLUE Benchmark Evaluation

This section evaluates TaRA on encoder-only lan-
guage models using the GLUE benchmark.

We fine-tune RoBERTa-base (Liu et al., 2019) on
five GLUE tasks (Wang et al., 2018)—CoLA, SST-
2, MRPC, STS-B, and QNLI—and compare Full
Fine-Tuning, LoRA, PiSSA, CorDA, and TaRA.
Table 5 reports the mean performance over five
random seeds. TaRA achieves the best results on
CoLA, SST-2, STS-B, and QNLI, and also yields
the strongest average performance across the five
tasks. These results indicate that TaRA remains
effective for encoder-only language models, not
only decoder-centric LLMs.

For all PEFT methods, we use LoRA with r =
α = 128, and train for 3 epochs with batch size 32.

C Loss-Landscape Analysis

Figure 7 visualizes the gradient trajectories of Full
Fine-Tuning, PiSSA, CorDA, and TaRA in a toy set-
ting. Full Fine-Tuning and PiSSA follow a notice-
ably curved trajectory, taking a relatively indirect
route before converging toward a local minimum.
CorDA exhibits a less circuitous early trajectory,
suggesting improved initial alignment. In contrast,
TaRA is initialized with a direction that heads more
directly toward the local minimum and ultimately
converges to a lower objective value than PiSSA

0

20

40

60

0.6

0.7

0.8

0.9

1.0

0

10e-5
β

10e-4
β

10e-3
β

10e-2
β

10e-1
β β

Damping coefficient

C
o

L
A

 A
c
c
u

ra
c
y

S
u

b
s
p

a
c
e

 C
o

s
in

e
 S

im
ila

rity

CoLA Acc
U
V

Figure 8: Damping coefficient ablation

and CorDA. This behavior is consistent with our
hypothesis: by better preserving training-relevant
components, TaRA facilitates faster and more ef-
fective optimization.

This toy experiment follows the setup of PiSSA
(Meng et al., 2024). We pre-train a three-linear-
layer network on 10,000 MNIST samples from the
odd-number classes, and then fine-tune on 2,000
samples from the even-number classes. We use
LoRA with rank and scaling set to r = α = 16,
and adopt a learning rate of 5× 10−4.

D Diagonal Damping Analysis

Figure 8 shows the results of our CoLA-task anal-
ysis on the effect of the diagonal damping coeffi-
cient c, including performance stabilization due to
damping (left y-axis) and the change in the result-
ing SVD U and V spaces compared with the no-
damping case (right y-axis). The results show that
when c is smaller than 10−2, including c = 0 (= no
damping), task accuracy collapses to 0.0, indicating
a failure to stabilize training and complete training
breakdown. In contrast, when c ≥ 10−2, the per-
formance becomes stable and training proceeds
normally. Since 10−2 stabilizes the second-order
information while preserving the original space
in the no-damping case as much as possible, we
choose 10−2 as an appropriate damping coefficient.

E Mitigating Accuracy Fluctuations on
Out-of-Distribution Tasks

As shown in Table 1, the accuracies on HumanEval
and MBPP do not exhibit a consistent trend as
the LoRA rank increases. Unlike the mathemati-
cal reasoning tasks, these code generation bench-
marks represent an out-of-distribution (OOD) set-
ting, where the distributions of the training and
evaluation datasets differ. Since TaRA estimates



Rank Method HumanEval MBPP

128 TaRA 22.59 ± 0.58 25.20 ± 0.67

TaRA + LW (λ = 0.3) 26.42 ± 0.88 25.67 ± 0.38

64 TaRA 23.58 ± 0.70 25.40 ± 0.36

TaRA + LW (λ = 0.3) 23.98 ± 0.75 25.27 ± 0.90

32 TaRA 21.53 ± 0.29 24.73 ± 0.52

TaRA + LW (λ = 0.3) 22.15 ± 0.76 24.83 ± 0.19

Table 6: Effect of Ledoit–Wolf (LW) shrinkage on code
generation (OOD tasks) performance. LW results use
λ = 0.3. Each result is the mean over three seeds, and
the standard deviation is shown in small gray text. Red
color indicates the best result within each rank block.

activation and gradient statistics from the training
data, its initialization is explicitly tailored to the
training distribution. While this can facilitate effec-
tive adaptation on the training data, the resulting
initialization may not necessarily be optimal under
a distribution shift at evaluation time.

Ledoit–Wolf (LW) shrinkage (Ledoit and Wolf,
2003) has been widely used to stabilize covariance
estimation when only a limited number of samples
are available. In our setting, we apply shrinkage in
the following form:

Σ̃ = (1− λ)Σ̂calib + λI,

where I denotes the identity matrix. The same
shrinkage can be directly incorporated into the co-
variance estimation procedure of TaRA. The pur-
pose of this experiment is to reduce the extent to
which TaRA’s training-aware initialization is biased
toward the calibration distribution. As λ increases,
the estimated covariance becomes progressively
less dependent on the calibration data. In the limit
as λ approaches 1, the covariance becomes data-
agnostic, and the resulting initialization coincides
with PiSSA under our formulation.

Table 6 reports the code generation results ob-
tained by estimating the covariance matrices with
LW shrinkage, initializing the LoRA adapters us-
ing TaRA, and subsequently training them under
the same setting. Compared with the results with-
out shrinkage, incorporating LW shrinkage yields
substantially more consistent and nearly monotonic
performance across different ranks. These results
suggest that regularizing the training-derived co-
variance statistics can improve the robustness of
TaRA under distribution shift, particularly for OOD
code generation tasks.

F Why One-Step Gradient Alignment
Persists Beyond Initialization

Although TaRA is derived from a one-step gradient
matching objective, Figure 5 shows that its gradi-
ent alignment with Full FT remains substantially
higher than those of the baselines even after multi-
ple optimization steps. As a possible intuition, we
consider an idealized setting in which Full FT and
TaRA follow the same local training dynamics. We
use the local quadratic approximation adopted in
Section 3.2.

Let

gt := ∇L(θt),

and consider gradient descent with learning rate
η:

θt+1 = θt − ηgt.

Under the local quadratic approximation around
θ0 in Eq. 6, the gradient can be approximated as

∇L(θ) ≈ ∇L(θ0) +H(θ − θ0),

where H := ∇2L(θ0) denotes the local Hessian.
Therefore,

gt+1 = ∇L(θt+1)

≈ ∇L(θ0) +H(θt+1 − θ0)

= ∇L(θ0) +H(θt − θ0)− ηHgt

≈ gt − ηHgt

= (I − ηH)gt,

where I denotes the identity matrix. Repeatedly
applying this relation gives

gt ≈ (I − ηH)tg0.

This relation provides a simple interpretation of
the empirical behavior in Figure 5. Under a locally
stable curvature, later gradients are not generated
along arbitrary, unrelated directions; instead, they
are obtained by repeatedly applying a polynomial
in the local Hessian to the initial gradient. This
is consistent with prior observations that training
gradients tend to concentrate in a small subspace
associated with dominant Hessian directions, and
that this subspace remains relatively stable during
training (Gur-Ari et al., 2018).

Consequently, if an initialization captures
training-relevant curvature directions at the begin-
ning of optimization, these directions can remain



Calib Size GSM8K-D GSM8K-COT MATH

32 56.69 ± 0.22 49.38 ± 0.11 9.88 ± 0.03

64 56.11 ± 0.33 49.55 ± 0.22 10.41 ± 0.04

128 56.05 ± 0.40 49.80 ± 0.18 10.23 ± 0.04

256 56.59 ± 0.25 50.42 ± 0.13 10.08 ± 0.10

Table 7: Ablation on calibration set size. Each result is
the mean over three seeds, and the standard deviation is
shown in small gray text. Red color indicates the best
result in each column.

LoRA α GSM8K-D GSM8K-COT MATH

64 54.59 ± 0.16 47.34 ± 0.14 9.98 ± 0.00

128 56.59 ± 0.25 50.42 ± 0.13 10.08 ± 0.10

256 55.04 ± 0.11 49.53 ± 0.20 10.21 ± 0.09

Table 8: Ablation on LoRA α. Each result is the mean
over three seeds, and the standard deviation is shown
in small gray text. Red color indicates the best result in
each column.

relevant over subsequent steps. Since TaRA ex-
plicitly constructs its initialization using curvature-
aware activation and gradient statistics, its high
one-step gradient alignment can therefore provide
a useful initialization bias beyond the first opti-
mization step. This local analysis is intended as an
intuitive explanation rather than a formal guarantee
for the entire nonlinear training trajectory.

G Calibration Set Size and LoRA alpha
Ablation

Table 7 shows the performance variation across
different calibration set sizes at rank 128. The re-
sults indicate that TaRA remains stable even with
small calibration sets, with only minor performance
changes. This suggests that TaRA can still produce
meaningful results even when the calibration set
must be kept small due to limited available data.

Table 8 shows the performance variation across
different LoRA α values at rank 128. The results
show that TaRA achieves the best performance
when LoRA α is set equal to the LoRA rank.

H Difference between Fisher-based
Model Compression and TaRA

Recent LLM compression methods perform com-
pression using Fisher information (Hsu et al.; Hua
et al., 2022; Chekalina et al., 2025). From the com-
pression perspective, the following formulation is
used:

Variant GSM8K-D GSM8K-COT MATH

with sqrt 53.12 ± 0.30 48.28 ± 0.19 8.97 ± 0.11

without sqrt (TaRA)56.59 ± 0.25 50.42 ± 0.13 10.08 ± 0.10

Table 9: Ablation on the square-root scaling term. Each
result is the mean over three seeds, and the standard de-
viation is shown in small gray text. Red color indicates
the best result in each column.

min
θ
L(θ)− L(θ0) ≈ min

θ

∥∥∥F1/2(θ − θ0)
∥∥∥2
F
.

It uses a formulation that finds θ by minimizing
the change in the loss function L. Specifically, it
seeks θ that remains as close as possible to the orig-
inal model θ0, weighted by the square-root Fisher
information matrix F1/2.

In contrast, TaRA uses a formulation that finds
θ by minimizing the change in the gradient:

min
θ
∥∇L(θ)−∇L(θ0)∥ ≈ min

θ
∥F(θ − θ0)∥ .

It uses a formulation that finds θ by keeping it as
close as possible to the original model θ0, weighted
by the Fisher information matrix F without taking
its square root.

Table 9 compares these two formulations for
LoRA initialization on the MATH task at rank 128.
The results show that applying LoRA initializa-
tion using the square-root formulation from the
compression perspective leads to suboptimal per-
formance. This supports the significance of the the-
oretical analysis of TaRA from the training perspec-
tive.

I Hyperparameters

This section documents the hyperparameters used
in Section 4. Table 10 lists the hyperparameters for
the natural language generation experiments, while
Table 11 reports those used for the natural language
understanding experiments.



Section Hyperparameter Value

LoRA Rank r (= Scaling α) 32, 64, 128
Dropout 0.0

Training

Epochs 1
Learning rate (except LoRA-One) 4× 10−5

Learning rate (for LoRA-One) 2× 10−4

Batch size 8
Gradient accumulation steps 16
Seed 0, 1, 2

Model Model name meta-llama/Llama-2-7b-hf
Max sequence length 512

Data
Dataset (for math) meta-math/MetaMathQA
Dataset (for code) m-a-p/CodeFeedback-Filtered-Instruction
Dataset split train[:100000]

Optimization

Optimizer adamw_torch
Weight decay 0.0
Warmup ratio 0.03
LR scheduler cosine

Table 10: Hyperparameters used to fine-tune models on the natural language generation tasks.

Section Hyperparameter Value

LoRA Rank r (= Scaling α) 128
Dropout 0.0

Training

Epochs 1
Learning rate (except LoRA-One) 2× 10−5

Learning rate (for LoRA-One) 2× 10−4

Batch size 8
Gradient accumulation steps 16
Seed 0, 1, 2

Model

Model name 1 deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B
Model name 2 meta-llama/Llama-2-7b-hf
Model name 3 meta-llama/Llama-3.1-8B
Model name 4 Qwen/Qwen3-8B
Max sequence length 256

Data Dataset zwhe99/commonsense_170k

Optimization

Optimizer adamw_torch
Weight decay 0.0
Warmup ratio 0.03
LR scheduler cosine

Table 11: Hyperparameters used to fine-tune models on the natural language understanding tasks.
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