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Abstract

Low-Rank Adaptation (LoRA) is a crucial method for efficiently fine-tuning large
language models (LLMs), with its effectiveness influenced by two key factors:
rank selection and weight initialization. While numerous LoRA variants have
been proposed to improve performance by addressing one of these aspects, they
often compromise usability or computational efficiency. In this paper, we ana-
lyze and identify the core limitations of existing approaches and propose a novel
framework—GoRA (Gradient-driven Adaptive Low Rank Adaptation)—that si-
multaneously adapts both the rank and initialization strategy within a unified
framework. GoRA leverages gradient information during training to dynamically
assign optimal ranks and initialize low-rank adapter weights in an adaptive man-
ner. To our knowledge, GoRA is the first method that not only addresses the
limitations of prior approaches—which often focus on either rank selection or
initialization in isolation—but also unifies both aspects within a single framework,
enabling more effective and efficient adaptation. Extensive experiments across
various architectures and modalities show that GoRA consistently outperforms
existing LoRA-based methods while preserving the efficiency of vanilla LoRA.
For example, when fine-tuning Llama3.1-8B-Base for mathematical reasoning,
GoRA achieves a 5.13-point improvement over standard LoRA and even outper-
forms full fine-tuning by 2.05 points under high-rank settings. Code is available at:
https://github.com/hhnqqq/MyTransformers.

1 Introduction

Open-source pre-trained large language models (LLMs) such as the Llama series [1} 2] have demon-
strated exceptional capabilities. Through supervised fine-tuning, these models can be adapted
to various downstream tasks such as code generation [3] and mathematical problem solving [4].
However, when the model has a parameter size ¢ and uses FP16/BF16 mixed-precision training
strategy [3. 6] with the Adam optimizer [7]], the parameters and gradients require 4¢ bytes of mem-
ory, while the optimizer states require 12¢ bytes. Thus, the minimum memory usage, excluding
activations, reaches 16¢ bytes. Such high memory demands limit the training of large language
models under constrained resources. To reduce memory usage, Low-Rank Adaptation (LoRA) [8]
decomposes the weight matrix W € R™*™ into W = Wy + AW = Wj + sAB, where s is a
scaling factor, and A € R™*" B € R™*" r <« min(m,n), as shown in Figure a). LoRA only
updates the low-rank weights A and B, keeping the pre-trained weight W unchanged, thereby
significantly reducing the memory footprint of optimizer states. Although LoRA performs well on
simple tasks, when applied to pre-trained large language models, its performance on more challenging
tasks, such as mathematical reasoning and code generation, still lags behind full fine-tuning [9} [10].
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Figure 1: Illustration of (a) LoRA; (b) LoRA variants utilizing adaptive rank masking strategies;
(c) LoRA variants employing nonzero initialization strategies; and (d) GoRA, which introduces
adaptively leveraging the weight W’s gradient to allocate the rank of the low-rank adapter and
initialize B. Ay and B denote the initialized value of A and B.

One of the critical factors in LoRA is its rank. Kalajdzievski [[11] demonstrates that increasing
the rank of LoRA can significantly improve performance when paired with an appropriate scaling
factor. However, a direct increase in rank leads to a substantial rise in memory requirement overhead,
thus imposing constraints on rank selection. To address this, several studies [12} [13] propose to
ensemble multiple low-rank subspaces, allowing for rank increases without proportionally increasing
the number of trainable parameters. Nevertheless, these approaches often come at the expense of
usability due to their intrusion into architecture or training processes. Another promising line of
research explores adaptively assigning ranks to pre-trained weights based on importance. For example,
Adal.oRA [14]] adaptively adjusts ranks by quantifying the importance of each rank during training
and masking less significant ones, as illustrated in Figure[I(b). However, this masking mechanism
necessitates a larger parameter space (e.g., 1.5 times), increasing the number of trainable parameters
and limiting the upper bound of rank. Consequently, as demonstrated in Section [5.1] adaptively
allocating ranks without significantly increasing the training cost remains an open challenge.

Another vital factor in LoRA is its initialization strategy. In vanilla LoRA, A is initialized with
a normal distribution (In the PEFT library, Ay is initialized with a Kaiming distribution [15]) and
By is initialized with zeros. This initialization method ensures that the weights Wy + A(Bg
remain unchanged at the beginning of training. Besides, zero initialization is not the only option:
When A(By is nonzero, manipulating the pre-trained weight by subtracting A(Bg from W, also
ensures stability. Existing nonzero initialization methods can be categorized into experience-driven
and data-driven methods. In experience-driven methods, PiSSA [16] and MiLoRA [17]] employ
decomposition techniques such as Singular Value Decomposition (SVD) to capture specific features
of pre-trained weights. However, these methods are inherently task-agnostic, which limits their
generalizability across diverse tasks. In contrast, data-driven methods incorporate task information.
For example, LoORA-GA [18] uses the singular features of gradients to initialize LoRA weights,
minimizing the difference between LoRA and full fine-tuning. However, as illustrated in Figure [T[c)
and Section[2.2] existing nonzero methods require manipulating the pre-trained weights, resulting
in a training-inference gap. Thus, designing a nonzero initialization method without manipulating
pre-trained weights remains an open problem.

Given the challenges of adaptive rank allocation and nonzero initialization, we turn to gradients of
pre-trained weights, which are crucial for assessing the importance of pre-trained weights and deeply
related to LoRA adapters’ optimization processes [19} 20]. As shown in Figure[I[d), we propose
GoRA. Specifically, before training, we compute gradients of pre-trained weights on a subset of
training samples, using these gradients to assess the importance of each pre-trained weight. Given a
reference rank, we calculate a trainable parameter budget. Based on the normalized importance and the
trainable parameter budget, we allocate a new trainable parameter count and corresponding rank for



each low-rank adapter, achieving adaptive rank allocation without significantly increasing the trainable
parameter count compared to LoRA and allowing for higher rank allocation upper bounds, as shown
in Table In GoRA’s initialization, we maintain LoRA’s initialization for A, while B is initialized
using —(AJ Ag) " tAJ G, where G is the gradient of the weight W. This initialization ensures
that the computation result of the low-rank adapter —AO(A(—)'— A())’lA(—)r G ~ —G compresses the
gradient optimally, setting a solid foundation for further optimization without manipulating the
pre-trained weight. Our key contributions are summarized as follows:

1. We conduct an in-depth investigation into LoRA’s rank allocation and initialization strategy,
uncovering the limitations of existing works. We propose GoRA, which achieves adaptive
rank allocation and initialization without compromising usability and efficiency.

2. We use the gradients of weights to assess their importance and allocate ranks. We then
initialize the low-rank weights using the pseudo-inverse of the compressed gradients, which
enhances performance while ensuring training stability.

3. We conduct extensive experiments, demonstrating that GoRA consistently outperforms
low-rank baselines and even rivals full fine-tuning in certain settings. For example, on the
Llama3.1-8B-Base model fine-tuned for mathematical reasoning, GoRA achieves a 5.13-
point improvement over LORA and even surpasses full fine-tuning high-rank configurations.

2 Related Works

2.1 Rank of LoRA

The choice of rank is crucial for LoRA, with higher ranks consistently yielding better outcomes [[11].
However, increasing the rank raises the number of trainable parameters and corresponding memory
usage overhead, making it challenging to train with sufficient ranks on limited hardware resources.
Previous works [21} [12] attempt to continuously merge and reinitialize low-rank weights during
training to stack the overall rank. However, these methods often require resetting the states of the
optimizer and learning rate scheduler during reinitialization to ensure that updates take place in
distinct low-rank subspaces and ensure training stability, significantly increasing overall training
complexity and making the training process unstable. MeLoRA [13|] proposes aggregating multiple
mini low-rank adapters diagonally to increase the overall rank. Nevertheless, this approach requires
modifying the structure of LoRA, limiting its usability.

At the same time, the significances of weights during training demonstrate heterogeneity, and
an intuitive proposition is to assign larger ranks to relatively more important weights. Previous
works [14}22]] attempted to dynamically mask less important ranks during training to achieve adaptive
rank adjusting. However, these methods require allocating larger matrices for low-rank adapters
to reserve space for masked ranks, leading to an increase in the number of trainable parameters,
which compromises their operational efficacy and establishes limitations on the upper threshold
of rank. IncreLoRA [23]] introduces an approach that begins with a single rank for each low-rank
adapter and incrementally increases the rank during training. This method effectively addresses the
challenge of large initial matrices. Nevertheless, this approach demonstrates suboptimal compatibility
with distributed training architectures, notably FSDP[24] and ZeRO[235]], which constitute essential
infrastructural components for the effective training of large-scale models.

2.2 Initialization of LoRA

Parameter initialization represents a fundamental paradigm in deep learning methodologies. Well-
established initialization protocols, such as the strategy proposed by Xavier Glorot and Yoshua
Bengio [26]], facilitate the convergent training trajectories of deep neural networks. Similarly, appro-
priate initialization strategies constitute a critical determinant for LoRA. Beyond zero initialization
used by vanilla LoRA, some studies have explored different initialization strategies: PiSSA [[16]]
performs SVD on pre-trained weights and uses the most important singular features to initialize
low-rank weights; MiLoRA [17], in contrast to PiSSA, uses the least important singular features to
initialize low-rank weights; similarly, OLoRA [27] uses QR decomposition of pre-trained weights
to initialize low-rank weights; EVA [28]] uses singular features of activations to initialize low-rank
weights; and LoRA-GA [18] uses singular features of gradients to initialize low-rank weights. These
methods can improve LoRA’s performance to some extent.



Nevertheless, owing to the inherent non-zero initialization characteristics of these methodologies,
they require subtracting the LoRA initialization results from the pre-trained weights to ensure
correct forward and backward propagation during the initial phases of the training regimen, conse-
quently creating a gap between training and inference. Recomputing the initialization result of these
methods during inference is not feasible in cases involving randomness [16] or requiring original
training data [[18| 28]]. And the initialization process requires significant time for methods such as
MiLoRA [17]. The most straightforward solution is to save not only the low-rank weights but also
the manipulated pre-trained weights, but this sacrifices one of LoRA’s significant advantages, namely,
minimal checkpoint storage [29]]. Another approach is to save the initialized LoRA weights and use
block matrix multiplication to eliminate the gap, but this reduces usability.

3 Method

In this section, we will reinterpret LoRA adapters from the perspective of gradient compressors and
introduce GoRA’s gradient-driven adaptive rank allocation and initialization strategy.

3.1 View LoRA adapters as Gradient Compressors

The core idea of LoRA is to fine-tune a model by leveraging the intrinsic low-rank property of the
update of a weight matrix W € R™*" during training. Specifically, a pair of low-rank matrices
A € R™*" and B € R"™*"™ are initialized alongside the pre-trained weight W. During training,
‘W remains frozen, while the model is updated by training the low-rank matrices A and B, thereby
reducing memory usage during training. For any training step ¢, the updated weight W, is given
by (I)), where « is a tunable hyperparameter that ensures the scale of the LoORA computation depends
only on « and is independent of the rank 7:

W, = Wy + AW, =Wo+%AtBt. (1)

Speciﬁcally, given the training loss £, the gradient of the pre-trained weight W can be computed as

5w+ Using the chain rule, the gradients of A and B are 357~ oL BT and A 6‘%6 , respectively. (Note:

1n vamlla LoRA, By =0.) leen a learning rate 7, the updates to the weight are as shown in 2)-(3):

oL oL
AB, = -1 ZAt W -1 Z ~Bl, @)
AW, = *AtBt - *AOBO = *(AAtABt + AoABy). ©)
r r r

Experimental results from LoRA-FA [30] have shown that freezing the randomly initialized matrix
A and only training the matrix B can achieve performance close to that of LoRA. When matrix A is
frozen (AA; = 0), the welght update is given by @). One can observe that matrix B accumulates the
gradients compressed by A during training, and when multiplied by A, the compressed gradients
are up-projected. Thus, the training process of LoRA-FA can be viewed as a process of gradient
accumulation and compression, with the compression matrix being the randomly initialized A.

T 8£t

0 OW,’
The update form of LoRA-FA provides significant inspiration. We hypothesize that vanilla LoRA has
similar properties, i.e., LORA adapters act as gradient compressors. Based on this hypothesis, we

can allocate larger ranks to weights whose gradients and weights themselves contain more low-rank
information and initialize LoORA parameters using compressed gradients.

“
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3.2 GoRA’s Adaptive Rank Allocation Strategy

Based on the hypothesis that LoRA adapters function similarly to gradient compressors, our adaptive

rank allocation strategy aims to: (1) allocate rank based on weight importance derived from pre-
computed N-batch accumulated gradients G = ZZ 1 adv% before the formal training process;
(2) complete rank allocation before training to avoid dynamic shape changes; (3) maintain a similar
number of trainable parameters as LoRA (within 10%); and (4) preserve structural compatibility with

LoRA for easy integration.




To evaluate the importance of weights, we first consider the nuclear norm of the pre-computed
gradient, which aggregates all singular values of a matrix and is often used to measure low-rank
properties [18]]. However, as shown in Table[6] this metric does not effectively capture the importance
of weights in practice. Instead, we adopt a sensitivity-based importance metric commonly used in
model pruning [31]. Specifically, we define the importance of a weight matrix W as:

(W) =avg (WO G|), )
where the operator ® denotes the Hadamard product and avg(-) computes the average value to
yield a scalar importance score. After computing the importance scores for all target pre-trained
weight matrices, we form an importance set {I(W?)}}¥,. To facilitate adaptive rank allocation, we
normalize the importance set to compute an advantage a; for the i-th pre-trained weight W:

i U(Wp)

C T ENIwWE) ©

With the normalized advantages computed, we next determine the total trainable parameter budget
b for the model. Given a reference rank 7™, the budget for a single weight matrix W* € R™*" is

estimated as: 4
bl = (Vm +n) x 7
reflecting a smoothed parameter budget under vanilla LoORA. Summing over all budgets, the total

budget becomes b = X | b'. Using this budget and the advantage a', we allocate the adapter rank 7
and its trainable parameter count p* for each weight matrix as:

i p ' b* ai min i max
rt = = st < gt < 8
{m] {m ’ srsr ®
where the operator [-] denotes rounding to the nearest integer, and 7™, ™ are hyper-parameters
defining the allowable rank range. This formulation ensures that the total number of trainable
parameters p = %V | p approximately matches that of standard LoRA with rank r™f closely.

In summary, before training begins, we use the /N-batch accumulated gradients for all target weights.
These gradients are then used to estimate the importance of each weight matrix, based on which we
perform adaptive rank allocation in GoRA, achieving all four objectives outlined earlier.

3.3 GoRA’s Adaptive Initialization Strategy

Once ranks are allocated for each layer, it is crucial to initialize the low-rank weights properly.
The compression form in (4) is suboptimal when A is randomly initialized and fixed; to achieve
better alignment with the gradient dynamics, we can initialize B such that the computation of the
low-rank adapter at the start of training closely approximates the /N-batch accumulated gradient G.
This optimal initialization can be derived using the Moore-Penrose inverse of A (this computation
requires negligible computational time as detailed in Appendix [D.I)):

Bo=—(AJAog) 'AJG, A¢Bo=-A(AJA) 'AJG. )
As shown in (9)), initializing B as —(AJ Ag) "' AJ G ensures that AoByg provides the best low-rank
approximation of G given a fixed A, with proof provided in Appendix

However, due to the properties of pseudo-inverse computation, the magnitude of AyBg does not
exactly match that of G. Assuming both G € R™*™ and Ay € R™*" follow distributions with
mean 0 and variance 1, the expected Frobenius norm of G, E[||G||r], is v/mn, while that of A¢By,
E[||AoBo||r], is /77, as detailed in Appendix [B.2}

To ensure that the initial computation of a low-rank adapter approximates a single step of stochastic
gradient descent with a tunable step size v, we introduce a scaling factor £ for By:

L Ao(EBy) ~ go‘\/TG ~ —~G. (10)
T T m

Thus, to make GoRA’s initialization equivalent to one step of gradient descent, ¢ should be set to
vivarm Inspired by rsLoRA [L1], and to better utilize the larger ranks obtained through dynamic
allocation, we modify the forward computation to W; = Wy + AW = W + \%AtBt, which

adjusts & to @ Setting v to a relatively large value further improves performance and yields
optimal results. The full algorithm is summarized in Algorithm [I]and Algorithm 2]



Algorithm 1 Rank Allocation and Initialization of GoRA under Single Training Worker

Input: Model f(-) with L layers, pre-trained parameters § = {W}}L | gradient accumulation
steps IV, loss function F, scale factor v, Trainable parameter budget b
Output: Initialized low-rank matrices { AL}, {B}E |
1: for! =1to Ldo

20 Glyg+0 > Initialize gradients buffer in CPU memory.
3: fori =1to N do > Compute gradients without optimizer.
4:  Randomly sampled mini-batch {z, y}
50 g f@,0), L Fy.9)
6: forl=1toLdo or
. .l ! 1
7: Accumulate on CPU: G’ <— G'avg + N ow?
8: forl=1to L do
9:  Compute importance I(W)) « avg(|[W * Gl,|)
10: for ! =1to L do l
. l I(Wy)
11:  Compute advantage a' < ST 1w
12: forl =1to L do
13: m,n + size(W})
14: 7!+ clip(round( \/%), pmin pmax) > Clip by ™" and ™% to avoid extremum.
15: Aé ~ Ukaiming (M X rl, a= \/5) > Initialize Af) € R™*" with Kaiming uniform.
16:  Bh«— —(ALTAL)TTALTGL, > Initialize Bl € R” X",
17: Bh ¢ B
18: Return {A}}E | {B}E

4 Experiments

We conducted comprehensive experiments comparing GoRA with baseline methods on natural lan-
guage understanding (Section 4.1, generation tasks (Section 4.2, and image classification tasks
(Section . For understanding tasks, we trained T5-Base [32] on five tasks of GLUE [33]] (MNLI,
SST-2, CoLA, QNLI, MRPC) and reported accuracy on corresponding validation sets. For generation
tasks, we fine-tuned Llama-3.1-8B-Base [2] and Llama-2-7B-Base [[1]] on chat, mathematics, and cod-
ing datasets, evaluating test performance on MTBench [34], GSM8k [35]], and HumanEval [36]]. For
image classification tasks, we fine-tuned CLIP-ViT-B/16 [37] on seven datasets including Stanford-
Cars [38]], DTD [39], EuroSAT [40], GT-SRB [41]], RESISC45 [42], SUN397 [43] and SVHN [44]
and reported test accuracy. All experiments were conducted using single-epoch training across
three random seeds, with results reported as mean values and standard deviations. Unless specified
otherwise, we set the LORA rank or GoRA’s reference rank ™' to 8. The hyperparameters of GoORA
are detailed in Appendix

4.1 Experimental Results on Natural Language Understanding Tasks

Table 1: Performance of fine-tuning T5-Base on 5 sub-tasks of the GLUE benchmark. Bold and
underline indicate the highest and second-highest scores of low-rank methods with = 8 or 7™ = 8.

Method MNLI SST-2 CoLA QNLI MRPC Average

Full 86.33+0.00 94.75+0.21 80.70+0.24 93.19£0.22 84.56+0.73 87.91

LoRA [8] 85.30+0.04 94.04+0.11 69.35+0.05 92.96+0.09 68.384+0.01 82.08
Convergence Optimization Methods for LoRA

rsLoRA [11] 85.73+0.10  94.1940.23  72.324+1.12 93.12£0.09 52.86+2.27 79.64

DoRA [45] 85.67£0.09 94.04+0.53 72.04+0.94 93.04+0.06 68.08+0.51 82.57

LoRA+ [46] 85.814+0.09 93.85+0.24 77.53+0.20 93.14+0.03 74.43+1.39 84.95
Initialization Optimization Methods for LoRA

PiSSA [16] 85.754+0.07 94.07+0.06 74.274+0.39 93.15+0.14 76.31+0.51 84.71

LoRA-GA [18] | 85.70+£0.09 94.11+0.18 80.57+0.20 93.184+0.06 85.29+0.24 87.71

Adaptive Methods for LoORA
AdaLoRA [14] | 85.45+0.11 93.69+0.20 69.16+£0.24 91.66+0.05 68.14+0.28 81.62
GoRA 85.91+0.02 94.68+0.43 79.864+0.35 93.27+0.08 86.10+0.20 87.96

Settings: We adopted baseline performances reported by LORA-GA [[18], maintaining their experi-
mental parameters for fair comparison: Adam[7]] optimizer (8; = 0.9, 82 = 0.999, weight decay =



0), batch size 32, cosine decay learning rate with a warmup ratioo of 0.03. We trained all linear layers
except the language head using a peak learning rate of le-4, a maximum sequence length of 128, and
FP32 precision.

Results: Table [I|compares GoRA against multiple baselines across five GLUE benchmark tasks.
GoRA achieved superior performance on four datasets (MNLI, SST-2, QNLI, and MRPC), demon-
strating exceptional adaptability and generalization. While slightly underperforming LoRA-GA on
CoLA by just 0.71 percentage points, GoRA’s average score (87.96) surpassed all baselines and even
exceeded full fine-tuning (87.91). This confirms GoRA’s ability to maximize model potential while
maintaining parameter efficiency. Notably, GoRA showed particularly strong performance on MRPC
and QNLI, highlighting its effectiveness in small-sample learning and sentence-pair tasks.

4.2 Experimental Results on Natural Language Generation Tasks

Settings: We trained mathematical, coding, and dialogue capabilities using 100K MetamathQA [47],
100K Code-FeedBack [48] (code-only labels), and 52K WizardLM [49] subsets, respectively.
For experiments on Llama-3.1-8B-base, training used AdamW [50] (3; = 0.9,5, = 0.999,
weight decay = He — 4) with batch size 64, cosine decay learning rate (warmup ratio=0.03, de-
cay ratio=0.1), and BF16 mixed precision. For all methods, including GoRA, we trained attention
modules’ linear components with a peak learning rate of 5e-5 (5e-4 for AdaLoRA). Evaluation met-
rics: mathematics—regex-extracted accuracy; coding—PASS @1; dialogue—average scores (0-10)
from GPT-40 [51], Gemini-1.5-Pro [52]], and Llama-3.1-70B-Instruct [2]] using prompts from [34].
For experiments on Llama-2-7B-Base, we adopted baseline results from LoRA-GA [18], and we
maintained the same training and evaluation settings. Further details are provided in Appendix [C.4]

Table 2: Performance of fine-tuning Llama-3.1-8B-Base. Table 3: Performance of fine-tuning Llama-2-7B-Base.
Method MTBench GSMS8k HumanEval Method MTBench GSM8k HumanEval
Full 5.884+0.23  73.69+0.28  51.63+1.27 Full 5.30+£0.11 59.36 £0.85 35.31 £2.13
LoRA [8] 6.154+0.02 67.78+1.25 43.09+0.35 LoRA [8] 5.61+0.10 42.08+0.04 14.76 +0.17
rsLoRA [11] 6.184+0.09 68.36+0.74  45.78+2.80 rsLoRA [11] 5.25+0.03 45.62+0.10 16.01£0.79
DoRA [45] 6.24+0.12  69.17+£1.00 43.70+1.54 DoRA [45] 597 £0.02 53.07+£0.75 19.75+0.41
LoRA+ [46] 6.35+0.10 71.294+0.93 44.51+2.11 LoRA+ [46] 5.71+0.08 52.11+0.62 18.17+0.52
OLoRA [27] 6.13+0.04 68.54+0.42 43.2942.44 OLoRA [27] 5.30+£0.04 43.29+0.83 17.22+0.12
PiSSA [16] 6.08+0.09 68.56+1.03 44.10£1.54 PiSSA [16] 5.30£0.02 44.54£0.27 16.02£0.17
LoRA-GA [18] | 5.994+0.06 71.394+0.90 43.294+0.61 LoRA-GA [18] | 5.95+0.16 53.60 +0.30 19.814+1.46
AdaLoRA [14] | 6.194+0.16 70.63+0.77  41.46+3.66 AdalLoRA [14] | 5.57£0.05 50.72+1.39 17.80+0.44
GoRA 6.34+0.04 72.91+0.76 48.98+2.14 GoRA 5.61+0.12 54.04 +0.22 24.80 + 1.04
GORA wt_39 6.214+0.10 75.59+1.04 51.22+1.83 GORA =i_30 5.75+0.06 56.18+0.10 26.83 +2.84
GORA,wi_1og  5.8240.31 7574040 52.0341.41 GORA,wi_105 | 6.0540.04 56.58+£0.12 27.85+0.58

Results: Table 2] and Table [3| show the per-
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and 0.44 on HumanEval and GSM8K, respectively. These results validate the effectiveness of GoRA
across different LLMs and settings. The training loss curves of GoRA are depicted in Figure 2]

Table 4: Performance of fine-tuning CLIP-VIP-B/16 on 7 image classification tasks.

Method Cars DTD EuroSAT GTSRB RESISC45 SUN397 SVHN Average
Zero-shot 63.75 4439 42.22 3522 56.46 62.56 15.53 4573
Full 84.23+0.06 77.44+0.19 98.09+0.03 94.31+£0.28 93.95+0.00 75.354+0.10 93.04+0.18 | 88.06
LoRA [8] 72.81£0.13  73.92+0.38 96.93+£0.07 92.404+0.10 90.03+0.14 70.12+£0.18  88.02+0.07 83.46
DoRA [45] 73.724£0.06  73.72+£0.33  96.95+0.01 92.384+0.08 90.03+0.08 70.20+0.19  88.23+0.05 83.48
LoRA+ [46] 72.87+£0.18 74.07£0.45 97.01£0.02 92.424+0.18 89.96+0.11 70.17+0.15 88.08+0.05 83.51
LoRA-Pro [53] | 85.87+0.08 78.64+0.85 98.461+0.03 95.66+0.05 94.75+0.21 76.42+0.14 94.63+0.20 | 89.20
LoRA-GA [18] | 85.18+0.41 77.504+0.12 98.05+0.27 95.28+0.10 94.43+0.19 75.44+0.06 93.68+0.35 88.51
GoRA 85.76+0.19 78.17+£0.32 98.77+0.35 96.66+0.36 95.16+0.26 76.46+0.08 95.32+0.13 | 89.47

4.3 Experimental Results on Image Classification Tasks

Settings: We adopted baseline performances from LoRA-Pro [53]], maintaining their experimental
hyper-parameters for a fair comparison: Adam [7] optimizer (8; = 0.9, B2 = 0.999, weight decay =
0), batch size 64, cosine decay learning rate with 0.03 warmup ratio. We trained all linear layers in
the vision backend using a peak learning rate of le-4, and FP32 precision. The classifier is obtained
using prompts such as “a photo of a {class}.”

Results: As shown in Table[d GoRA outperforms baseline methods across all seven image classi-
fication tasks. Specifically, GoRA outperforms full fine-tuning by a margin of 1.01; outperforms
LoRA-GA by 0.96 and outperforms LoRA-Pro by 0.27. These results demonstrate that GoRA
exhibits superior performance across different models and modalities.

5 Discussions

In this section, we present a comprehensive set of ablation studies to evaluate the effectiveness
of GoRA’s adaptive rank allocation and initialization strategy. We also examine the impact of
GoRA’s hyperparameters and discuss their role in shaping performance. Additionally, we explore
hyperparameter auto-tuning strategies to improve usability.
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Figure 3: (a) Result rank distribution of fine-tuning Llama-3.1-8B-Base on the MetaMathQA-100K
dataset using GoRA;(b) Difference values between GoRA and LoRA in directional updates of pre-
trained weights after merging;(c) Difference values between GoRA and LoRA in magnitude updates
of pre-trained weights after merging. Data points are presented for every two layers.

5.1 The Effect of the Rank Allocation Strategy

The rank allocation strategy is a crucial component that influences the performance of GoRA. As
highlighted in Table[5] we conducted ablation studies to evaluate different rank allocation ranges. The
results demonstrate that a broader rank allocation range consistently leads to superior performance.
For instance, given v = e — 2, (r™" = 4, r™* = 32) achieved a score of 48.98 on HumanEval,
significantly outperforming both the fixed rank allocation strategy (rmin = 8, M — 8) and the more
conservative allocation strategy (r™" = 6, r™* = 15).

Figureillustrates the rank distribution of (r™" = 4, 7™ = 32). Notably, most ranks are allocated
to the wv layers, while the wq layers receive the fewest rank allocations. This observation aligns



with findings reported in prior work [8]]. Moreover, weights with higher ranks receive larger updates
after merging the low-rank matrices. These observations underscore the effectiveness of our rank
allocation strategy.

Table 5: Ablation study on hyperparameters. To maintain an approximately constant number of
trainable parameters, the rank allocation upper bound was reduced as the lower bound was increased.

Method pn pmax ~ GSMS8k HumanEval
AdaLoRA 0 12 - 70.63+0.77  41.46+3.66
LoRA 8 8 0 67.78+1.25  43.094+0.35
GoRA 4 32 8e-2 | 72.91+£0.76 46.54+1.54
GoRA 4 32 Se-2 | 72.88+0.99  48.98+2.14
GoRA 4 32 3e-2 | 72.714£1.22  45.93+1.27
GoRA 4 32 0 72.45+1.14  46.34+0.61
GoRA 0 oo S5e-2 | 72.83+0.80  46.13+3.36
GoRA 4 32 5e-2 | 72.884+0.99 48.98+2.14
GoRA 6 15 S5e-2 | 72.2540.27  45.8543.18
GoRA 8 8 S5e-2 | 72.10+1.12  44.75+3.97

5.2 The Effect of the Initialization Strategy

Table [5]also summarizes the results of ablation studies conducted with various scaling factors. Our
experiments revealed that the choice of scaling factor v has a substantial impact on performance.
Notably, GoRA achieves the best performance on HumanEval with v = be — 2, attaining a score of
48.98. Meanwhile, GoRA with v = 8e — 2 slightly outperformed other configurations on the GSM8k,
achieving a score of 72.91. Conversely, when v = 0, GoRA exhibited the weakest performance
on GSMBSK, scoring 72.45. A carefully selected scaling factor ensures that the initial low-rank
adapter computation closely approximates a gradient descent step, establishing a robust foundation
for subsequent optimization. This is crucial for maintaining training stability.

5.3 The Effect of Different Importance Metrics

Table [ compares several importance metrics:

parameter sensitivity to loss (the metric used Table 6: Ablation studies on different importance

by GoRA), the nuclear norm of the gradient, metrics, where || - ||, represents the nuclear norm.
and the nuclear norm of the parameter—gradient Metric GSM8k HumanEval
product. The results demonstrate that param-  avg([W © G|) | 72.88+0.99 48.98+2.14
eter sensitivity consistently outperforms the |G|« 72.70£0.68  43.0940.93
other metrics on both GSM8k and HumanEval. WO G|, | 72.65+£0.78  45.124+3.17

Notably, on HumanEval, parameter sensitivity
achieves a score of 48.98, surpassing the nuclear norm of the gradient (43.09) and the nuclear norm
of the parameter—gradient product (45.12).

5.4 Hyperparameter Auto-tuning

Compared to vanilla LoRA, GoRA introduces two additional hyperparameters: the number of gradient
accumulation steps N and the initialization scaling factor . While hyperparameter tuning strategies
for LoRA have been well established in prior work, we aim to minimize the additional tuning burden
introduced by GoRA to ensure its practical usability. To this end, we design lightweight, automated
strategies that effectively eliminate the need for manual tuning of these new parameters:

(1) Adaptive Gradient Accumulation: During gradient accumulation, we monitor the normalized
layer-wise importance scores at each accumulation step. Once the change between consecutive
importance score sets falls below a small pre-defined threshold (e.g., 0.01), indicating convergence
of layer importance, we terminate accumulation early and proceed to the parameter update. This
adaptive stopping criterion automatically determines an effective NV on the fly, removing the need for
manual specification and often accelerating training.

(2) Adaptive Scaling Factor: We hypothesize that the optimal scaling factor -y is the one that minimizes
the loss of the first training step. To find it, we start from a relatively large initial value (e.g., 1.0) and
iteratively reduce it by multiplying by a decay factor (e.g., 0.9) until a small lower bound (e.g., 5e-5)



is reached. For each candidate -y, we evaluate the loss on the first training batch without performing
backpropagation. The v yielding the lowest loss is then used to initialize formal training.

Importantly, the pre-defined constants used in these strategies—such as the convergence threshold
(0.01), decay factor (0.9), and lower bound (5e-5) are empirically stable across tasks and model
scales. In practice, they require little to no tuning, making GoRA highly usable out of the box while
preserving its enhanced representational capacity.

To validate the effectiveness and practicality of
our auto-tuning strategies, we conduct ablation
studies on the scaling factor «y and the gradient
accumulation steps N. As shown in Table
our adaptive methods achieve performance com-
parable to or better than manually tuned base- :
lines, while eliminating the need for hyperpa- igapt}ve N ;32818 ;g ggggi% 5;
rameter search. Notably, the auto-selected ~ aptive 7y : : : :
values (0.0549 for CodeFeedback and 0.0858 for MetaMathQA) closely align with those reported in
Table 5] (5e-2 and 8e-2, respectively), confirming the reliability of our selection criterion.

Table 7: Performance comparison of GoRA with
adaptive hyperparameters.

Method GSMS8k HumanEval
Original 72.914+0.76  48.98+2.14

6 Computational and Memory Analysis

Table 8: Comparison of trainable parameter counts. For GoRA, we set 7™" = 4 and ™ = 32

Model Dataset Target Modules LoRA AdaLoRA  GoRA
T5-Base SST-2 all-linear 3.24M 4.86M 3.05M
Llama3.1-8B-Base | MetamathQA  attention 6.82M 10.24M 7.00M
Llama2-7B-Base MetamathQA  all-linear 19.99M  29.99M 20.18M
CLIP-ViT-B/16 Cars vision_model 1.33M 2.03M 1.35M

During training, GoRA’s
computational and memory
overhead is nearly iden-
tical to LoRA’s, as both

Table 9: Comparison of time and GPU memory costs during GoRA’s
initialization process and training process

. . Model Size Process Time Cost Memory Cost
methods maintain a simi- .
lar number of trainable pa- 8B Inltlallz.atlon 2.3’605 56,139MB
rameters given a reference Training 37min54.22s 73,295MB
rank. Table[§|compares the 39B Initialization =~ 2min44.65s 64,821 MB
trainable parameter counts Training 197min52.15s 66,381 MB

of LoRA, AdaLoRA, and
GoRA across various models, with all methods using a rank or average/reference rank of 8.

As outlined in Algorithm [I] GoRA requires a brief gradient pre-computing phase for rank allocation
and initialization. However, this overhead is minimal in both computation and memory usage. First,
gradient accumulation is performed over only a small number of micro-batches without any optimizer
updates. Second, gradients are computed layer-by-layer and immediately offloaded to CPU memory,
avoiding the storage of optimizer states. Moreover, Algorithm []integrates seamlessly with distributed
data Parallelism and can be readily extended to more complex parallel training setups. Specifically,
rather than having each worker independently compute and transfer gradients to CPU memory,
which would cause massive concurrent PCle traffic and excessive CPU memory consumption, our
method performs an immediate Reduce operation on per-layer gradients directly to rank 0 during
the backward pass. This ensures that only a single copy of the globally averaged gradient is ever
transferred to CPU memory, drastically reducing PCle bandwidth usage and CPU memory footprint.

To empirically validate the efficiency of GoRA, we measure both training time and memory consump-
tion when fine-tuning Llama-3.1-8B-Base and Qwen2.5-32B [54] on MetaMathQA using 8xA800
80GB GPUs. For Llama-3.1-8B-Base, we use a per-GPU batch size of 8 (without activation check-
point); for the larger Qwen2.5-32B model, we reduce the per-GPU batch size to 1 (with activation
checkpoint [55]) due to memory constraints. We employ the adaptive N strategy described in Sec-
tion [5.4] and all other experimental settings follow those of our main experiments. As shown in
Table 9| (reported memories benefit from Liger kernel [56] and FlashAttention [57]]), GoRA incurs
negligible additional time cost and no extra memory overhead compared to standard LoRA, even for
models of vastly different scales, demonstrating its practicality for real-world deployment.
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A Notations

In this section, we summarize the notations used in the paper in Table [T0}

Table 10: List of Notations used in the paper

Symbol Description

W g R Full-rank weight matrix of a linear layer.

W, € Rm*n Pre-trained weight matrix of a linear layer in a pre-trained model.
AW g Rmxn Update of the pre-trained weight matrix after fine-tuning.

AW, € R™*" Update of the pre-trained weight matrix at fine-tuning step ¢.

W, € Rmxn Weight matrix of a linear layer at training step ¢t (W; = Wo+AW,).
8‘9‘%0 SN Gradient matrix of the pre-trained weight Wy, at step ¢.

G e Rmxn N-batch accumulated gradient matrix of the pre-trained weight Wy,

Ac Rmxr’ B c R™x"
AO c Rmxr, BO c Rrxn
A-t E R?’",XT" Bt E RTXTL

Trainable low-rank matrices of a LoRA adapter.
Initial values of the low-rank matrices A and B.
Trainable low-rank matrices of a LoRA adapter at step .

m Input dimension of the matrix W.
n Output dimension of the matrix W.
T Rank of the low-rank adapter, with r < min(m, n).
rmax Pre-defined maximum rank of a GoRA adapter.
pmin Pre-defined minimum rank of a GoRA adapter.
pref Reference rank of GoRA.
o} Hyperparameter of LoRA and most of its variants.
~y Scaling hyperparameter of GoRA.
13 Scaling factor of GoRA, automatically determined by ~.
Uaiming Kaiming uniform distribution.
n Learning rate used in the optimizer (e.g., AdamW).
O] Hadamard (element-wise) product of two matrices.
[] Rounding to the nearest integer.
Il 17 Frobenius norm of a matrix.
Il 1l Nuclear norm of a matrix.
avg(+) Average operation (element-wise for a matrix).

B Proofs

B.1 Proof of optimal approximation of G given A.

Let G be an m X n matrix, and A be an m X r matrix where < min(m,n). We aim to derive

the projection formula that minimizes the Frobenius norm of the error |G — G|, where G is the
optimal approximation of G in the column space of A, denoted as Col(A).

The best approximation G lies in Col(A), so we can express G as:

where B is an r X n matrix of coefficients to be determined. Our goal is to find B such that the error

|G — G|| is minimized.

The error matrix is given by:

G = AB,

E=G-G=G - AB.

To minimize ||E||%, we take the derivative of ||E||%. with respect to B and set it to zero. Expanding

| E||%, we have:

IE|[% =Tr (G - AB) (G — AB)),

where Tr represents the trace of a matrix.

Expanding this expression:

|E|? =Tr(GTG) - 2Tr(BTATG) + Tr(B'ATAB).
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Taking the derivative with respect to B and setting it to zero:
—2ATG+2ATAB =0.
Simplifying:
ATAB=ATG.
Assuming AT A is invertible, we solve for B:

B=(ATA)'ATG.

Substituting B into G = AB, we get:
G=AATA)'ATG.

Thus, the best approximation Gis:

G=AATA)'ATG.

The matrix G = A(ATA)"'ATG is the projection of G onto the column space of A, and it
minimizes the Frobenius norm of the error |G — G||p.

B.2 Proof of Expectation of Frobenius Norm of AB.

Let A be a random Gaussian matrix of size m x r, where each element of A is sampled independently
from A (0,1). Let G be a random Gaussian matrix of size m x n, where each element of G is also
sampled independently from A/(0, 1). Define:

B=(ATA)'ATG,
and consider the product:
AB=AATA)'ATG.

The goal is to compute the expected Frobenius norm E[|| AB|| r], where the Frobenius norm is defined
as:

|AB|r= [S(AB).

4]
First, observe that AB can be rewritten as:
AB=AATA)'ATG.

LetP = A(ATA)"'AT. Note that P is a projection matrix onto the column space of A, and thus
P satisfies:
P2=P, P' =P, and rank(P)=r.

Substituting P into the expression for AB, we have:

AB =PG.
The Frobenius norm of AB is given by:
IAB|% = |[PG|% = Te(PG)(PG) ).
Since (PG)T = G TP, this becomes:
|AB|% = Tr(PGGP).

The matrix GG T is an m x m random Wishart matrix. When G is a standard Gaussian matrix of
size m X n, the expected value of GG is:

E[GG'] =n-1,,
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where I,,, is the m x m identity matrix. Substituting this result into the expression for || AB||%, we
get:
E[|AB||%] = E[Tr(PGG 'P)] = Tr(PE[GG " |P).
Using E[GG "] = n - I,,,, this simplifies to:
E[|AB[2] = Te(P(n - 1,,)P) = n - Tr(P2).

Since P2 = P, we have:
E[|AB|#] = n - Tr(P).

The trace of P is equal to its rank, which is the dimension of the column space of A. Since A is a
m X r matrix, we have:
Tr(P) = r.
Thus:
2
E[|AB|3] =n .

Taking the square root, the expected Frobenius norm of AB is:

E[||[AB||r] = v/n-r.

C Implementation Details

C.1 Baseline Methods
We compared GoRA with baseline methods to demonstrate the effectiveness of our approach:

a. Full: Trains all parameters in the target layers, resulting in the highest memory consumption.

b. LoRA [8]]: Introduces low-rank adapters into the target layers, significantly reducing the
number of trainable parameters.

c. Convergence Optimization Methods for LoRA
- rsLoRA [11]: Modifies the scaling factor in LoRA from £ to %, enabling better perfor-
mance with higher-rank adapters and stabilizing the training processes.
- DoRA [45]: Decomposes the weight updates of pre-trained weights into magnitude and
direction components, and applies LoRA to update only the direction.
- LoRA+ [46]: Addresses the imbalance between matrices A and B in LoRA by assigning a
relatively larger learning rate to matrix B than to matrix A.

d. Initialization Optimization Methods for LoRA
- OLoRA [27]: Initializes LoRA weights using the QR decomposition of the corresponding
pre-trained weights.
- PiSSA [16]: Initializes LoRA weights based on the dominant singular vectors obtained
from the SVD of pre-trained weights.
- LoRA-GA [18]: Initializes LoRA weights using significant singular vectors derived from
the SVD of gradients of pre-trained weights.

e. Adaptive Methods for LoRA

- AdaLoRA [14]: Approximates the low-rank adapter structure using SVD, enabling dy-
namic rank allocation through singular value masking. It also introduces an orthogonal
regularization term to the loss function for enhancing orthogonality among features in the
low-rank adapter.

C.2 Implementation Details for Baseline Methods

Several baseline methods introduce tunable hyperparameters compared with vanilla LoRA [8]]. To
ensure a fair comparison, we adopt the optimal settings reported in the original papers whenever
possible. Specifically, for LoORA+ [46], we set the learning rate ratio of matrices A and B to 16. For
LoRA-GA [18], we use the “stable” scaling method (the scaling hyperparameter v of LoORA-GA is
configured to 16) and manipulate the pre-trained weights during initialization. For AdaLoRA [14],
the initial rank is set to 12, the final rank to 8, with ¢; = 150 and ¢y = 900. For PiSSA [16], the
number of iterations for fast SVD is set to 64.
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C.3 Implementation Details for GoRA

For all experiments with rref =8, except for the model trained on MetaMathQA [47], we set the
scaling factor v to 5e — 2. For the model trained on MetaMathQA, ~ is set to 8e — 2. For all
experiments with "¢/ = 32, the scaling factor is set to 1e — 2; and for "¢/ = 128, we set the scaling
factor to 5e — 3. This is because we observe that more gradient information is compressed by GoRA’s
initialization with a higher rank, even if v can control the magnitude of the initialization results. To
address the imbalance in GoRA’s matrices A and B, we set the learning rate of matrix B to be 16
times that of matrix A Throughout the experiments, the 7,,,, was empirically defined as 4 x r7¢f,
the 7,5, Was set to "¢/ /2 (as this setting can maintain a comparable parameter count compared to
LoRA), and the gradient accumulation step for GoRA’s initialization was set to 64. In the ablation
studies, we adhered to the same hyperparameter settings as in the main experiments, unless otherwise
specified.

Furthermore, Algorithm T| presents a basic algorithm for non-parallel scenarios; however, parallel
training strategies, particularly data parallelism, are widely employed for training large language
models. We introduce the GoRA algorithm under distributed data parallelism in Algorithm 2] which
is readily integrable into more complex parallel frameworks.

Algorithm 2 Rank Allocation and Initialization of GoRA under Distributed Data Parallelism

Input: Number of layers L, gradient accumulation steps N, model parameters = {IW}} L
current data parallel worker ID w, total data parallel workers W
Output: Initialized low-rank matrices { AL} |, {B}}E |

1: Initialize empty CPU buffers {G',y, } =, only on worker 0
2: fori=1to N do
3:  Sample mini-batch and compute loss £
4: forl=1to Ldo
5: Compute local gradient on GPU: G! «+ 8‘2}6,
0
6: if w = 0 then
7: Accumulate on CPU: Glyyg < Glyyg + 1 G!
8: Release the GPU memory occupied by G;: G; <— None
9: if w = 0 then
10: for!l=1to L do
11: Compute the importance I(W}) as detailed in Algorithm E]
12:  Broadcast the importance set {I(W})}£ | to all other workers
13: else
14:  Receive {I(W})}E£ | from worker 0
15: for! =1to L do
16:  if w =0 then
17: Load the gradient G/, , from CPU to GPU
18: Initialize A}, B} as detailed in AlgorithmI]
19: Clear the GPU memory occupied by Gﬁwg
20: Broadcast initialized A, B}, to all other workers
21:  else
22: Receive initialized A{), B}, from worker 0
23: Return {A}}E | {B}E |

C.4 Hyperparameters for Each Experiment

The hyperparameters used in each experiment are summarized in Table [TT] For experiments on
T5-Base and Llama2-7B-Base, we adopt the settings from LoRA-GA [18]]; for CLIP-ViT-B/16, we
follow LoRA-Pro [53]. For experiments on Llama3.1-8B-Base, including both baseline methods and
GoRA, we use one of the most commonly adopted hyperparameter configurations.
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Table 11: Hyperparameters used in experiments

Model LR LRDecay Warmup Optimizer Betas Weight Decay  Batch Size
T5-Base le-4 0 0.3 Adam 0.9, 0.999 0 32
Llama3.1-8B-Base | 5e-5 0.1 0.3 AdamW 0.9, 0.999 5e-4 64
Llama2-7B-Base 2e-5 0 0.3 AdamW 0.9, 0.999 0 32
CLIP-ViT-B/16 le-4 0 0.3 Adam 0.9, 0.999 0 64

C.5 Training Environments

For natural language understanding tasks reported in section[4.I] we conduct our experiments using
the Huggingface Transformers framework for model and trainer implementation on a single RTX
4090 24GB. In contrast, for natural language generation tasks reported in Section[d.2]and Section [5]
we utilize the DeepSpeed ZeRO2 [25] data parallel framework and FlashAttention-2 [58|] mechanism,
leveraging the power of 8 RTX 4090 24 GB GPUs or 8§ A800 80 GB GPUs. All codes of GoRA and
baseline methods are implemented in PyTorch.

D Addtional Experiments

D.1 Computational Overhead of Pseudo-Inverse Initialization

The initialization strategy of GoRA involves computing a pseudo-inverse for each low-rank adapter
matrix. Although the theoretical cost of pseudo-inversion scales cubically with rank (O(r?)), our
implementation performs all operations on GPUs using optimized linear algebra routines, resulting in
minimal practical overhead.

We benchmark the total initialization time for the Llama-3.1-8B-Base model across different ranks
following the settings of our main experiments. Results are summarized in Table[I2] Even at rank
128, where each pseudo-inverse requires approximately 2 million FLOPs, the entire initialization
completes in under 4 seconds. This amounts to less than 0.1% of typical fine-tuning runtime,
confirming that the pseudo-inverse step does not constitute a computational bottleneck in practice.

Table 12: Pseudo-inverse initialization time for Llama-3-8B-Base (GPU, end-to-end).

Rank | Initialization Time
8 1.40s
32 1.56s
128 3.43s

D.2 Combining GoRA with QLoRA

To investigate whether GoRA can be effectively integrated with quantization techniques, we adopt
the quantization method from QLoRA, which quantizes pre-trained weights to NF4 precision for
storage and dequantizes them back to BF16 precision during computation. We evaluate this combined
approach, which we term QGoRA, by fine-tuning the Llama-3.1-8B-Base model and assessing its
performance on math and code benchmarks, following the same protocol as in our main experiments.
As shown in Table [[3] GoRA integrates seamlessly with QLoRA’s quantization framework and
consistently outperforms QLoRA across evaluated tasks.

Table 13: Performance of QGoRA and QLoRA.

Method GSMSk HumanEval
QLoRA | 65.10£0.95 43.49 +0.70
QGoRA | 70.58 £1.33 44.10 + 3.68

D.3 Gradient Reconstruction Accuracy of GoRA Initialization

To assess how well the GoRA initialization approximates the pre-computed gradients, we measure
the reconstruction error between the initialized low-rank adapters and the full gradients across all
adapted layers in the Llama-3.1-8B-Base model. Results on two datasets are summarized in Table
These results suggest that the initialization preserves a high proportion of gradient information
(approximately 88—89% in relative terms).
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Table 14: Gradient reconstruction error of GoRA initialization.

Dataset Absolute Error Relative Error
MetaMathQA 0.0382 0.1147
Code-Feedback 0.0322 0.1152

D.4 Multi-Step Gradient Initialization

We explored an alternative initialization variant, GoRA-pro, which estimates layer importance
using multi-step stochastic gradients. In this approach, a lightweight pre-training phase performs
n exploratory updates per layer using the AdaLLomo [59] optimizer; gradients are accumulated on
CPU and then discarded, and the original weights are restored before adapter initialization. This
process uses approximately 23% less GPU memory than full fine-tuning (56.2 GB vs. 73.0 GB for
Llama-3.1-8B-Base).

We evaluate GoRA-pro on GSMS8K and HumanEval, comparing it to the standard GoRA (which
uses one-step gradient accumulation). Results are shown in Table[I5] The comparable performance
suggests that the multi-step gradient idea is viable and may offer further improvements with careful
tuning of the exploration schedule, gradient normalization. We leave a systematic investigation of
this direction to future work.

Table 15: Comparison of GoRA and GoRA-pro (Llama-3-8B-Base).

Method GSMSK HumanEval
GoRA 7291 £0.76 48.98 +2.14
GoRA-pro | 72.30 £ 0.30 47.36 £ 1.54

E Clarifications

E.1 Clarification on the training-inference gap introduced by previous initialization methods

This is due to their reliance on manipulating pre-trained weights. Specifically:

Manipulation of Pre-Trained Weights: These methods are required to manipulate the value of
pre-trained weights during initialization, as AgBg # 0 and W + AoBg # Wy. As a result, during
inference, the term A (B must be recomputed to properly reconstruct the adapted weight matrix for
effective model deployment, which is essential for correct model outputs.

The Inconvenience of Recalculating Initialization Results: During inference, it is often infeasible to
recompute the initialization results for methods that either rely on randomness, such as PiSSA[16], or
require access to training data, such as LORA-GA [18] and EVA[28]]. Furthermore, for approaches like
MiLoRA [17], the initialization process itself can be computationally expensive and time-consuming.

Incompatibility Across Multiple Adapters: When multiple adapters are trained on different tasks
using previous data-driven non-zero initialization methods, the pre-trained weights are manipulated
inconsistently. As the result of A (B depends on the task. This makes it challenging to serve multiple
adapters simultaneously, limiting flexibility in multi-task scenarios.

Saving manipulated pre-trained weights sacrifices one of the key advantages of LoRA: While
it is possible to merge the low-rank adapter weights into the pre-trained weights after training,
saving the pre-trained weights post-merging sacrifices one of the key advantages of LoRA: minimal
storage requirements (e.g., IOMB compared to 14GB). Other potential approaches to eliminate the
training-inference gap and their limitations are discussed in Section[2.2]

E.2 Compare GoRA’s initialization strategy with LoRA-GA

Both GoRA and LoRA-GA leverage gradients to initialize low-rank adapters, but there are several
key differences:

1. Motivation:

* LoRA-GA: Minimizes the difference in updates of weights between LoRA and full
fine-tuning.
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* GoRA: Views LoRA adapters, gradient compressors, and optimizes the compression
form.

2. Scaling factor:

* LoRA-GA: Inspired by rsLoRA, its scaling aims to stabilize training.
* GoRA: Scale the initialized product of adapters to any desired magnitude flexibly.

3. Methodology:

* LoRA-GA: Initialize the weights using SVD decomposed gradients.

* GoRA: Initialize the weights of B using gradients compressed by pseudo-inverse of
random initialized A.

E.3 Further compare with previous related works
Building upon previous works, GoRA makes several unique contributions:

1. First data-driven initialization method without manipulating pre-trained weights.

2. Efficient rank allocation strategy without additional trainable parameters and training com-
plexity.

3. Unified framework for gradient-driven rank allocation and initialization.

F Limitations And Future Works

In this study, we demonstrate that GoRA outperforms baseline low-rank adaptation methods and
achieves performance comparable to full fine-tuning. However, our evaluation has not yet extended
to larger models and more extensive datasets. We hypothesize that for larger models, such as Llama-
3.1-70B [2l], GoRA could more effectively leverage the pre-trained knowledge inherent in these
models. Additionally, while this research primarily focuses on language models and natural language
processing tasks, there is potential to generalize GoRA to a broader range of model types and tasks,
such as visual language models and visual question answering.

Another limitation of this study is that the initialization of matrix A is not restricted to random
initialization. Employing alternative methods, such as extracting distinguishing features from pre-
trained weights to initialize the matrix A, could potentially enhance performance, as it would combine
the benefits of both experience-driven and data-driven initialization approaches. Furthermore, it is
worth noting that GoORA demonstrates theoretical compatibility with other LoRA variants, such as
DoRA [45]. These promising avenues remain to be explored in future research endeavors.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Yes, and we believe GoRA can accelerate the research on LoRA.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have concluded our limitations in Appendix [F|
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Yes, we have provided proofs in the Appendix B}

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, we have provided experiment settings and our algorithm in the main paper
and the Appendix.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Yes, we have provided the link to our official repository in the abstract.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided hyperparameter information in Section[4.1] Section[d.2]and
Section[d.3] Additional information is provided in Appendix [C.4]

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We run each experiment with 3 different random seeds and report the mean
and the standard deviation.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Yes, we have provided related information in the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: Yes.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: There is no societal impact of the work performed.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justification: No risk of misuse in this work.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer:
Justification: Yes.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:
Justification: No new assets introduced in the paper.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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