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Abstract

With the increasing size of large language
models (LLMs), full-parameter fine-tuning
imposes substantial memory demands. To
alleviate this, we propose a novel memory-
efficient training paradigm calledMomentum
Low-rank compression (MLorc). The key
idea of MLorc is to compress and reconstruct
the momentum of matrix parameters dur-
ing training to reduce memory consumption.
Compared to LoRA, MLorc avoids enforcing
a fixed-rank constraint on weight update ma-
trices and thus enables full-parameter learn-
ing. Compared to GaLore, MLorc directly
compress the momentum rather than gradi-
ents, thereby better preserving the training
dynamics of full-parameter fine-tuning. We
provide a theoretical guarantee for its con-
vergence under mild assumptions. Empiri-
cally, MLorc consistently outperforms other
memory-efficient training methods, matches
or even exceeds the performance of full fine-
tuning at small ranks (e.g., r = 4), and gen-
eralizes well across different optimizers, all
while not compromising time or memory ef-
ficiency.
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1 INTRODUCTION

Large Language Models (LLMs) have demonstrated
strong generalization capabilities on downstream tasks
after fine-tuning (Liu et al., 2019; Raffel et al., 2020; Li
and Liang, 2021). However, full-parameter fine-tuning
is prohibitively expensive in terms of GPU memory.
In addition to storing billions of model parameters
and activation values, training also requires memory
for gradients and various optimizer states (e.g., first-
and second-order momentum terms in Adam). With-
out memory-saving techniques, standard AdamW con-
sumes approximately three times more memory for
gradients and optimizer states than for storing model
parameters alone.

One promising approach to reduce this memory
overhead is to design memory-efficient optimization
paradigms tailored for fine-tuning, where the objec-
tive is to adapt the model to specific tasks. LoRA
(Low-Rank Adaptation) (Hu et al., 2022) is one of the
most widely adopted parameter-efficient fine-tuning
(PEFT) methods: it freezes the original model weights
and introduces trainable, low-rank updates. However,
LoRA inherently limits the space of possible weight up-
dates due to its low-rank constraint, and its reparam-
eterization can significantly alter training dynamics.
Prior studies have shown that LoRA may underper-
form full-parameter fine-tuning on certain tasks (Bi-
derman et al., 2024; Xia et al., 2024) and exhibit dis-
tinct update patterns (Liu et al., 2024b).

Recently, GaLore (Gradient Low-Rank Projection)
(Zhao et al., 2024), another memory-efficient opti-
mization approach, has garnered attention. GaLore
projects gradients and optimizer states (e.g., momen-
tum) into a low-dimensional subspace for storage and
uses the same projector to reconstruct optimizer states
used to update weight. The projectors are periodi-
cally updated through Singular Value Decomposition
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(SVD) on stochastic gradient matrices. GaLore claims
to overcome the limitations of low-rank methods like
LoRA by canceling low-rank factorization and improv-
ing training dynamics. Nevertheless, both prior re-
search (Luo et al., 2024) and our experiments reveal
that GaLore usually underperforms, even compared to
LoRA. We attribute GaLore’s underperformance to its
suboptimal training dynamics, that is, the reconstruc-
tion in GaLore can break the structure of the momen-
tum, due to the instability of singular vectors of the
stochastic gradient. We will analyze this in detail in
Section 3.

To address these challenges, we propose a new
memory-efficient training paradigm,Momentum Low-
rank compression (MLorc). Unlike GaLore, MLorc
directly compresses and reconstructs momentum in-
stead of gradients with Randomized SVD (RSVD)
(Halko et al., 2011) and then uses these compressed
momentum to run some benchmark optimizers like
Adam (Diederik, 2014) or Lion (Chen et al., 2023),
thereby maintaining closer alignment with the train-
ing dynamics of full-parameter fine-tuning. The mo-
tivation of designing MLorc stems from our empirical
observation that, during LLM fine-tuning, the momen-
tum of matrix parameters often exhibits an approxi-
mately low-rank structure, implying that compressing
the momentum does not result in significant informa-
tion loss. Moreover, directly compressing the momen-
tum can avoid the affect of unstable stochastic gradi-
ent.

Our main contributions can be summarized as follows:

• We propose a new memory-efficient training
paradigm calledMomentum Low-rank compression
(MLorc). The key idea of MLorc is to compress
and reconstruct the momentum of matrix parame-
ters during training to reduce memory consumption.
The main motivation of MLorc is from our empirical
observation of approximately low-rank structure of
matrix parameters’ momentum.

• We provide a theoretical convergence guarantee
for MLorc with the Lion optimizer (Chen et al.,
2023), matching the original Lion’s sample complex-
ity (Dong et al., 2024) under mild assumptions.

• We validate the effectiveness of MLorc through ex-
tensive experiments across diverse models, datasets,
and optimizers. Our results demonstrate that
MLorc outperforms LoRA (Hu et al., 2022), GaLore
(Zhao et al., 2024), and LDAdamW (Robert et al.,
2024) on math and coding tasks with LLaMA2-
7B, and achieves the highest average performance
on GLUE tasks with RoBERTa-Base (Liu et al.,
2019). At the same time, MLorc maintains com-
petitive runtime and memory efficiency compared
to other memory-saving methods.

2 RELATED WORK

Low-rank adaptation. Low-rank adaptation meth-
ods, such as LoRA (Hu et al., 2022), have been pro-
posed to enhance the memory efficiency of fine-tuning
large language models. LoRA introduces trainable
low-rank matrices into each layer of a pre-trained
model, significantly reducing the number of trainable
parameters while maintaining performance compara-
ble to full fine-tuning. Inspired by LoRA, Flora (Hao
et al., 2024) periodically resamples random projec-
tion matrices during training to compress the gra-
dients, aiming to achieve higher-rank updates over
time while maintaining same level memory consump-
tion. There are also other variants of LoRA designed
for improving performance and other purposes (Meng
et al., 2024; Kalajdzievski, 2023; Dettmers et al., 2023;
Hayou et al., 2024; Zhang et al., 2023b; Li et al., 2024;
Zi et al., 2023; Wang et al., 2023; Li et al., 2024; Zhang
et al., 2023a).

In contrast, GaLore (Zhao et al., 2024) is a memory-
efficient fine-tuning method that reduces the storage
cost of gradients and optimizer states by projecting
them into a dynamically learned low-rank subspace.
There are also other variants of GaLore designed for
improving time efficiency and further reducing mem-
ory footprint (Zhang et al., 2024; Rajabi et al., 2025;
Yang et al., 2025). However, a recent study (He et al.,
2024) shows that GaLore does not always converge to
the optimal solution under standard assumptions. He
et al. (2024) proposed GoLore, a variant of GaLore
that utilized random low-rank projection instead of
the greedy one used in GaLore. Recent studies have
also introduced GaLore-inspired variants. For exam-
ple, Fira (Chen et al., 2024) improves performance
by combining the exact gradient with the GaLore up-
date. LDAdam (Robert et al., 2024) incorporates a
projection-aware update rule for optimizer states to-
gether with a generalized error-feedback mechanism,
explicitly addressing the compression of both gradi-
ents and optimizer states.

Memory-efficient optimization. There are also
other techniques to reduce memory footprint during
training, including gradient checkpointing (Chen et al.,
2016), quantization (Dettmers et al., 2022; Li et al.,
2023) and other memory-efficient optimization meth-
ods (AdaLomo (Lv et al., 2023), MeZO (Malladi et al.,
2023), etc). These methods address different aspects
of the memory bottleneck. They are orthogonal to
our methods and some of them can be combined with
MLorc to further reduce the memory footprint.

Matrix compression. Matrix compression tech-
niques, particularly those based on Singular Value De-
composition (SVD), play an important role in model



Wei Shen, Zhang Yaxiang, Minhui Huang, Mengfan Xu, Jiawei Zhang, Cong Shen

compression (Wang et al., 2025; Liu et al., 2024a) and
reducing memory footprint (Zhao et al., 2024) in model
training. Randomized SVD (RSVD) (Halko et al.,
2011) is an efficient variant of SVD. SVD decomposes
a matrix into low-rank components that preserve most
of its information, while RSVD accelerates this process
by approximating the dominant singular subspace us-
ing random projections. These methods enable com-
pact representation of gradients and optimizer states,
thus laying the foundation of our method.

3 PRELIMINARIES AND MLORC

In this section, we introduce our main method. We
begin by presenting the preliminaries on which our
method is built, including LoRA and GaLore. We then
formally elaborate on MLorc, covering the algorithmic
framework and steps, memory analysis, and conver-
gence analysis.

3.1 Preliminaries

Notation. For a matrix A ∈ Rm×n, we denote
its Frobenius norm as ∥A∥F , denote its entrywise
l1 norm as ∥A∥1,1 ≜

∑m
i=1

∑n
j=1 |Aij |. Given a

batch sample B = {ξi}bi=1, we denote ∇f(W ;B) =
1
b

∑b
i=1∇f(W ; ξi).

3.1.1 LoRA

LoRA (Hu et al., 2022) is a parameter-efficient fine-
tuning technique designed for adapting large pre-
trained models to downstream tasks. Instead of up-
dating the full model weights, LoRA freezes the orig-
inal parameters and injects trainable low-rank matri-
ces into specific layers (typically attention or feedfor-
ward layers). This significantly reduces the number of
trainable parameters and memory requirements during
fine-tuning. Initial weight of the model W0 ∈ Rm×n is
frozen, and weight update is achieved by updating two
low rank matrices: B ∈ Rm×r and A ∈ Rr×n, typically
r ≪ m,n, as illustrated in the following formula:

W = W0 +BA. (1)

Despite its memory efficiency, LoRA has several limi-
tations. First, the imposed low-rank constraint can re-
strict the expressiveness of weight updates, potentially
limiting performance on tasks that require more com-
plex adaptations. Second, LoRA introduces a repa-
rameterization of the weight update process, which al-
ters the training dynamics and can lead to suboptimal
convergence in some scenarios (Zhao et al., 2024; Meng
et al., 2024). Empirical studies have shown that LoRA
can underperform full fine-tuning on certain tasks (Bi-
derman et al., 2024; Xia et al., 2024).

3.1.2 GaLore

GaLore (Zhao et al., 2024) is a recent memory-efficient
training paradigm designed to reduce the memory
footprint of optimizer states and gradients during
fine-tuning of large language models. Unlike LoRA,
which freezes the model and injects low-rank trainable
adapters into the weight matrices, GaLore applies a
low-rank projection directly to the gradients and op-
timizer states. Specifically, it performs periodic SVD
on the gradients to identify a low-rank subspace, into
which the optimizer states (e.g., momentum, variance)
are projected. This strategy allows GaLore to main-
tain full-parameter weight updates while significantly
compressing the memory required for training, aim-
ing to preserve training dynamics more faithfully than
LoRA’s reparameterized updates.

However, there is still room for improvement in Ga-
Lore. Although GaLore does not constrain the weight
updates themselves to be low-rank, it relies on fixed
(over a certain number of steps) low-rank projections,
which may still limit its ability to fully capture dy-
namic gradient information.

To be specific, in step t, GaLore (on Adam) first
gets projector Pt: it is updated every T steps us-
ing the singular vector of gradient Gt; otherwise Pt

is equal to Pt−1. Subsequently, GaLore projects Gt:
Rt = PT

t Gt and first/second order momentum Mt, Vt

is constructed by exponential average of Rt, just like
original Adam. Finally, low-rank update Nt =

Mt√
Vt+ϵ

and GaLore uses Pt to project back Nt. To ensure
GaLore’s training dynamics align with those of full-
parameter training, it implicitly depends on two key
assumptions: (1) gradients exhibit a low-rank struc-
ture, and (2) the eigenspace of Nt can be properly
recovered by pre-defined projectors.

While the first assumption is well-supported by prior
studies (Zhao et al., 2022; Cosson et al., 2023), the
second is questionable in the context of mini-batch
training. Infrequent projector updates can result in
misaligned projections and reconstructions, and even
with expensive high-frequency updates, a critical lim-
itation remains: there exists no well-defined pro-
jector for back-projection of Nt, since momentum
is an accumulation (i.e., weighted average) of mini-
batch gradients across different steps. For example,
with default β2 = 0.999, gradients of 100 steps earlier
still have comparable weight with current gradients
in second-order momentum; hence, Mt and Vt’s eigen
space is very different from gt−τ ’s for any τ . Also,
Nt is a non-linear transformation of Mt and Vt, which
makes the preservation of eigenspace impossible. Con-
sequently, Nt’s eigenspace cannot be recovered from
any single-step gradient’s eigenspace. This motivates
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us to shift focus from gradient compression to momen-
tum compression – directly compressing and re-
constructing momentum rather than gradients.

3.2 MLorc

3.2.1 Algorithm and Implementation

Figure 1: Ratio of top-8 singular values to total sin-
gular values for gradient, first moment, and second
moment during AdamW finetuning of RoBERTa-base
on the STSB dataset.

To enable compression at the momentum level, we
first investigate whether momentum exhibit low-rank
structure. We analyze various components involved in
optimization by examining the concentration of sin-
gular values in gradients and momenta. For a ma-
trix A ∈ Rm×n (suppose m ≥ n ≥ 8) with singu-
lar values σ1 ≥ σ2 ≥ · · · ≥ σn, we calculate its ra-

tio of top-8 singular values as
∑8

i=1 σi∑n
i=1 σi

. We use this

ratio to quantify the concentration of singular values
(i.e., the ’low-rankness’) of a matrix, where a larger
value reflects a stronger low-rank structure. We com-
pute its ratio for the gradient, first moment, and sec-
ond moment matrices during AdamW fine-tuning of
RoBERTa-base on the STSB dataset and get Figure 1.
As illustrated in Figure 1, the first-order momentum
shows a spectral pattern similar to that of the gradi-
ents, while the second-order momentum demonstrates
an even stronger low-rank structure. More experimen-
tal evidence can be found in Appendix C.1. Motivated
by these empirical observations, along with our ear-
lier analysis of GaLore’s training dynamics, we pro-
pose Momentum Low-rank compression (MLorc), a
new memory-efficient training paradigm for large-scale
model fine-tuning.

The core idea of MLorc is to efficiently and accu-
rately compress momentum for storage and recon-
struct momentum to update weight, and we chose

RSVD (Halko et al., 2011) to do this. A detailed
introduction to RSVD is deferred to Appendix A.
Here, we highlight a key property: the time com-
plexity of RSVD is O(mnr), which is on the same
order as the projection and back-projection opera-
tions. Notably, MLorc can be applied to any op-
timizer (e.g, Adam, Lion) with momentum. Tak-
ing AdamW as an example: at each optimization
step, we first reconstruct the first and second or-
der momentum m̃t−1, ṽt−1 from the compressed op-
timizer state: m̃t−1 = mu,t−1ms,t−1m

⊤
v,t−1, ṽt−1 =

vu,t−1vs,t−1v
⊤
v,t−1, update them using the current gra-

dient: mt = β1m̃t−1 + (1 − β1)gt, vt = β2ṽt−1 +
(1 − β2)g

2
t , and then compress the updated mo-

menta using RSVD: (mu,t,ms,t,mv,t) = RSVD(mt),
(vu,t, vs,t, vv,t) = RSVD(vt). Finally, we use these up-
dated momenta to perform the usual parameter up-
date.

There is also a special consideration for second-
order momentum, which must remain entry-wise non-
negative. A straightforward approach is to apply an
entry-wise ReLU to the reconstructed second-order
momentum ṽt−1. However, this introduces zeros in the
reconstructed values, and since β2 is typically set very
close to 1, these zeros can result in extremely small val-
ues in the updated second-order momentum. This can
destabilize training and degrade model performance.
To address this, we add a small constant entry-wise to
the zero values in ReLU(ṽt−1). Given that parameter
groups often have different scales, this constant should
be chosen adaptively. In practice, we set it to the ab-
solute mean of the negative part of the reconstructed
momentum, which is usually much smaller than the
positive part. For example, we first calculate the abso-
lute mean of the negative part of the reconstructed mo-
mentum ζ(ṽt−1) =

1
|{i:(ṽt−1)i<0}|

∑
i:(ṽt−1)i<0 |(ṽt−1)i|.

Then, we update the ṽt−1 according to the following
formula:

ṽt−1 ← ReLU(ṽt−1) + ζ(ṽt−1) · 1{ṽt−1<0}, (2)

where 1{ṽt−1<0} is the indicator vector of the nega-
tive entries of ṽt−1. This modification is different from
adding ϵ on the square root of second-order momen-
tum: 0s here come from the error introduced by mo-
mentum compression rather than the small magnitude
of the corresponding gradient element.

Algorithm 1 shows the detailed description of MLorc-
AdamW. Similarly, the high-level idea of MLorc can
also be applied to other optimizers, such as Lion (Chen
et al., 2023). Since Lion only maintains a single first-
order momentum, MLorc-Lion is simpler than MLorc-
AdamW. It only requires reconstructing the previous
momentum m̃t−1 at each step t and applying RSVD
to compress the current momentum mt. Algorithm 2
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Table 1: Memory comparison. Assume W ∈ Rm×n, rank r.

Full finetuning (AdamW) LoRA (AdamW) GaLore MLorc-AdamW

Weights mn mn+mr + nr mn mn
Optimizer States 2mn 2mr + 2nr mr + 2nr 2mr + 2nr

Algorithm 1 MLorc-AdamW

1: Input: Initial weights W1, learning rate α, betas
β1, β2, weight decay rate λ, constant ε, target rank
r, oversampling parameter p, batch size b.

2: Initialize RSVD factors: (mu,0,ms,0,mv,0) ← 0,
(vu,0, vs,0, vv,0)← 0, t← 1

3: while not converged do
4: Sample a mini-batch Bt = {ξit}bi=1 uniformly

at random
5: Compute gradient: gt ← ∇f(Wt;Bt)
6: m̃t−1 ← mu,t−1ms,t−1m

⊤
v,t−1

7: ṽt−1 ← vu,t−1vs,t−1v
⊤
v,t−1

8: Update ṽt−1 according to (2)
9: mt ← β1m̃t−1 + (1− β1)gt

10: vt ← β2ṽt−1 + (1− β2)g
2
t

11: (mu,t,ms,t,mv,t)← RSVD(mt, r, p)
12: (vu,t, vs,t, vv,t)← RSVD(vt, r, p)
13: m̂t ← mt

1−βt
1

14: v̂t ← vt

1−βt
2

15: Wt+1 ←Wt − α( m̂t√
v̂t+ε

+ λWt)
16: t← t+ 1
17: end while
18: return Wt

Algorithm 2 MLorc-Lion

Input: Initial weights W1, learning rate α, betas
β1, β2, target rank r, oversampling parameter p,
batch size b.

2: Initialize RSVD factors: (mu,0,ms,0,mv,0) ← 0,
t← 1
while not converged do

4: Sample a mini-batch Bt = {ξit}bi=1 uniformly
at random

Compute gradient: gt ← ∇f(Wt;Bt)
6: m̃t−1 ← mu,t−1ms,t−1m

⊤
v,t−1

ct ← β1 · m̃t−1 + (1− β1) · gt
8: mt ← β2 · m̃t−1 + (1− β2) · gt

(mu,t,ms,t,mv,t)← RSVD(mt, r, p)
10: Wt+1 ←Wt − α · sign(ct)

t← t+ 1
12: end while

return Wt

shows a detailed description of MLorc-Lion. We will
validate the effectiveness of MLorc across AdamW and
Lion, and provide a theoretical convergence proof for
MLorc-Lion.

3.2.2 Memory Consumption Analysis

In Table 1, we provide a comparison of the mem-
ory consumption of four methods: full finetuning,
LoRA, GaLore, and MLorc. For a parameter matrix
of size m× n, full finetuning (with AdamW) needs to
store the weight mn and two copies of the momentum
terms 2mn. LoRA requires storing additional weights
mr + nr, but only needs 2mr + 2nr optimizer states.
GaLore reduces optimizer memory to 2nr; however, it
also needs to store the projection matrix mr. MLorc-
AdamW needs to store mu,ms,mv and vu, vs, vv, and
since ms and vs can be absorbed into mu, vu (or into
mv, vv), the optimizer memory of MLorc-AdamW is
2mr + 2nr. Note that in typical fine-tuning settings
(also in our experiments), r ≪ min{m,n}, which
means, with the same rank r, LoRA, GaLore and
MLorc achieve similar memory savings for the opti-
mizer states.

GPU memory consumption during LLM training pri-
marily comes from four sources: model weights, gradi-
ents, optimizer states, and activation values. Among
these, weights and optimizer states always occupy
GPU memory; therefore, in Table 1 we primarily com-
pare these two components. Other memory overhead
varies depending on the forward and backward phases
as well as the specific implementation. LoRA typi-
cally needs to store gradients only for a small num-
ber of low-rank trainable parameters. For GaLore and
MLorc, the gradients that must be stored depend on
the specific implementation. Both GaLore and MLorc
support per-layer weight updates (Lv et al., 2024), un-
der which they need to store at most only one layer’s
weight gradients, thus consuming very little memory.
As shown in Appendix C.2, under per-layer weight up-
dates MLorc can use less memory than LoRA. Even
without per-layer weight updates, although GaLore
and MLorc require more memory than LoRA for stor-
ing gradients, the overall memory usage also depends
on the activations, which in turn depends on batch
size. In fact, in the experiments corresponding to Ta-
ble 2 in our paper, the peak memory footprint often
occurs during the forward pass, when all activation
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values must be stored, indicating that gradients stor-
age does not affect the overall memory peak. Taken
together, these observations suggest that MLorc can
indeed achieve memory efficiency comparable to that
of LoRA and GaLore.

3.2.3 Convergence Analysis

In this section, we present a convergence analysis of
MLorc-Lion (Algorithm 2), demonstrating that it can
achieve the same sample complexity as the original
Lion optimizer (Chen et al., 2023; Dong et al., 2024).
Lion is a well-known optimizer and often achieves
performance comparable to AdamW when optimizing
neural networks. Lion utilizes the sign function to ad-
just the update magnitude of each component, which
is conceptually similar to AdamW. In this work, we
demonstrate the theoretical guarantees of our MLorc
framework by presenting the convergence analysis of
MLorc-Lion. The extension to MLorc-AdamW is left
for future work. We consider optimizing loss function
f : Rm×n → R. And we use the following standard
assumptions.

Assumption 3.1. The loss function f is L-Lipschitz
smooth, i.e. for any W,W ′ ∈ Rm×n, we have

∥∇f(W )−∇f(W ′)∥F ≤ L∥W −W ′∥F .

Assumption 3.2. ∇f(W ; ξ) is an unbiased stochas-
tic estimator of the true gradient ∇f(W ) and have a
bounded variance, i.e.

E[∇f(W ; ξ)] = ∇f(W )

E∥∇f(W ; ξ)−∇f(W )∥2F ] ≤ σ2.

With these standard assumptions, we have following
theorem.

Theorem 3.3 (informal). Under Assumptions 3.1
and 3.2, applying Algorithm 2 with appropriate param-
eters, we have

1

T

T∑
t=1

E[∥∇f(Wt)∥1,1] ≤ O(1)

[√
dL∆√
T

+
σ
√
d√
b

]
,

where ∆ = f(W1)− infW f(W ), d = mn.

The formal statement and proof of Theorem 3.3 can
be found in Appendix B. According to Theorem 3.3,
when σ = 0 (deterministic case), we can find an ϵ-
entrywise ℓ1-norm stationary point of f with a com-
plexity of O(∆Ldϵ−2); when σ ̸= 0 (stochastic case),
with a large batch size b = Θ(dσ2ϵ−2), we can find an
ϵ-entrywise ℓ1-norm stationary point of f with a sam-
ple complexity of O(∆Ld2σ2ϵ−4), matching the same
sample complexity as the original Lion (Dong et al.,
2024).

4 EXPERIMENTS

In this section, we demonstrate the effectiveness of
MLorc through extensive experiments on NLG and
NLU tasks, spanning diverse models, datasets, and op-
timizers.3

4.1 Experiments on NLG tasks with
LLaMA2-7B

In this subsection, we evaluate MLorc’s performance
on large language models, focusing on NLG (Natural
Language Generation) tasks. We fine-tuned LLaMA
2-7B (Touvron et al., 2023) on two tasks: math and
code. To demonstrate the effectiveness of MLorc, We
compare MLorc’s performance with Full fine-tuning,
LoRA (Hu et al., 2022), GaLore (Zhao et al., 2024)
and its variant LDAdamW(Robert et al., 2024) (both
optimized by AdamW). We also compare MLorc’s per-
formance on MLorc-Lion (Chen et al., 2023) with Full
Lion and LoRA (Lion) to explore its applicability to
different optimizers. Experimental results suggest that
MLorc significantly reduces training loss during op-
timization and improves validation accuracy on test
datasets.

Experimental Setup. For the math task, the model
was fine-tuned LLaMA 2-7B on the MetaMathQA
dataset (Yu et al., 2023) and evaluated on GSM8K
(Cobbe et al., 2021) validation sets. For the code task,
the model was fine-tuned on the CodeFeedback dataset
(Zheng et al., 2024) and evaluated on the HumanEval
(Chen et al., 2021) dataset. All experiments were con-
ducted on 1 H100-96 GPU, using subsets of training
datasets containing 10K data points and were trained
for 2 epochs. We use a rank=4 for all memory-efficient
training paradigm, a batch size of 32 with gradient
checkpointing and without gradient accumulation, a
linear learning rate scheduler with a warmup ratio of
0.03. We set learning rate after tuning on each method
and each dataset. It is worth mentioning that we set β1

of MLorc-AdamW as 0.8 rather than the default value
0.9, in order to mitigate the influence of approxima-
tion error arising from RSVD. More hyperparameter
setups, such as specific learning rates and oversampling
parameters, can be found in Appendix D.1. Average
accuracy over four evaluations and the standard devi-
ation of accuracy is reported in Table 2.

As shown in Table 2, MLorc outperforms LoRA
(Hu et al., 2022), GaLore (Zhao et al., 2024)
and LDAdamW (Robert et al., 2024) on both
math and coding task, significantly reduces accuracy
gap between Full-parameter fine-tuning and existing

3Code is available at https://github.com/
weishen-git/MLorc.

https://github.com/weishen-git/MLorc
https://github.com/weishen-git/MLorc
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(a) Training Loss on MetaMathQA(Yu et al., 2023) dataset (b) Training Loss on CodeFeedback(Zheng et al., 2024)
dataset

Figure 2: Training Loss of AdamW of different methods

Table 2: Results of LLaMA 2-7B fine-tuned on math
and code tasks. MLorc consistently outperforms other
memory-efficient training paradigms. Lion version of
GaLore and LDAdamW are not available; LoRA is
independent of the choice of optimizer.

Method(r=4) GSM8K HumanEval

Full (AdamW) 47.69±0.15 21.96±0.46

MLorc (AdamW) 47.37±1.09 20.70±0.42

LoRA (AdamW) 45.98±0.52 17.85±1.07

GaLore 38.89±0.73 17.25±0.49

LDAdamW 41.85±0.60 18.60±1.08

Full (Lion) 46.38±1.11 18.00±0.30

MLorc (Lion) 47.75±0.25 18.75±0.78

LoRA (Lion) 45.53±0.52 16.00±0.83

memory-efficient training paradigms, demonstrating
its ability in handling complex tasks on large lan-
guage models. Additionally, the optimal learning rate
of MLorc is much closer to Full-parameter fine-tuning
than other memory-efficient training paradigms (see
Appendix D), which suggests it might have similar
training dynamics and indicates its utility in acceler-
ating convergence.

Training Loss Curve. As shown in Figure 2 and 3,
in most cases, the training loss of MLorc is smaller
than other memory-efficient training paradigms, and is
usually close to the full version, whenever in AdamW
or Lion. This shows that MLorc behaves similarly to
the full version, hence providing strong evidence for its
effectiveness.

Time and Memory Efficiency. Table 3 compares
memory consumption between different training meth-
ods. MLorc, GaLore and LoRA have similar memory

Table 3: Memory consumption of different meth-
ods with AdamW optimizer when training on Meta-
MathQA(Yu et al., 2023). Hyperparameters and other
settings are same as previous experiments.

MLorc LoRA GaLore LDAdamW
44.8GB 45.6GB 44.8GB 54.6GB

Table 4: Training time of different memory-efficient
training methods with AdamW optimizer when train-
ing on MetaMathQA (Yu et al., 2023). Hyperparam-
eters and other settings are the same as the previous
experiments.

MLorc LoRA GaLore LDAdamW
1h25min 1h24min 1h33min 1h26min

efficiency; LDAdamW consumes more memory, proba-
bly due to its error feedback mechanism. Table 4 com-
pares training time between different memory-efficient
training methods. Experimental result shows that
MLorc achieves time efficiency comparable to that of
LoRA (Hu et al., 2022) and reduces training time com-
pared to GaLore (Zhao et al., 2024), confirming that
the additional overhead from compression and recon-
struction is negligible in practical fine-tuning scenar-
ios.

4.2 Experiments on Natural Language
Understanding Tasks

In this subsection, we assess the effectiveness of MLorc
in fine-tuning language models for natural language
understanding (NLU) tasks. Specifically, we fine-tune
pre-trained RoBERTa models (Liu et al., 2019) on the
GLUE benchmark (Wang et al., 2018) using MLorc-
AdamW, and compare its performance against full



MLorc: Momentum Low-rank Compression for Memory Efficient Large Language Model Adaptation

(a) Training Loss on MetaMathQA(Yu et al., 2023) dataset (b) Training Loss on CodeFeedback(Zheng et al., 2024)
dataset

Figure 3: Training Loss of Full Lion and Lion with MLorc

Table 5: GLUE benchmark results of memory-efficient fine-tuning methods using pre-trained RoBERTa-Base.
We set rank as 8 for all four memory-efficient methods. We used AdamW as the optimizer in full finetuning and
LoRA. MLorc and Galore refer to MLorc-AdamW and Galore-AdamW respectively. Best performances among
MLorc, Lora, GaLore and LDAdamW are highlighted in bold.

Method CoLA MNLI MRPC QNLI QQP RTE SST2 STSB Avg

Full 62.33 87.62 91.11 92.92 90.26 75.81 95.18 90.50 85.72

MLorc 62.07 87.53 90.77 93.19 88.99 77.98 95.18 90.59 85.79
LoRA 61.53 87.51 90.10 92.75 89.45 76.53 94.72 90.74 85.42
GaLore 60.34 86.84 90.10 92.42 88.15 71.12 94.38 90.50 84.23
LDAdamW 60.82 87.33 90.35 93.03 90.06 76.53 94.61 90.74 85.43

fine-tuning, LoRA (Hu et al., 2022), GaLore (Zhao
et al., 2024) and LDAdamW (Robert et al., 2024). As
shown in Table 5, MLorc significantly outperforms Ga-
Lore, surpasses LoRA and LDAdamW on most tasks,
and achieves overall performance comparable to that
of full fine-tuning. Detailed experimental settings can
be found in Appendix D.2.

We also performed experiments to examine the low-
rank structure of the gradient, first-order momen-
tum, and second-order momentum during the full fine-
tuning process of AdamW. The results on the STSB
dataset are shown in Figure 1, and additional experi-
mental results can be found in Appendix C.1.

5 CONCLUSIONS AND FUTURE
WORK

In this work, we introduce MLorc (Momentum Low-
rank Compression), a novel memory-efficient optimiza-
tion paradigm designed to bridge the gap between
parameter-efficient fine-tuning and full-parameter
training for large language models (LLMs). Unlike ex-
isting low-rank adaptation methods such as LoRA (Hu

et al., 2022) and GaLore (Zhao et al., 2024), MLorc
leverages a previously underexplored insight: momen-
tum is low-rank, and it can be compressed without
significantly breaking training dynamics. By apply-
ing Randomized SVD (RSVD) (Halko et al., 2011) to
compress and reconstruct momentum states instead of
gradients, MLorc achieves a better balance between
memory savings and training dynamics preservation.

Through comprehensive empirical evaluations across
various model architectures, optimizers (e.g., AdamW
and Lion), and NLP tasks (including NLG and NLU
benchmarks), we demonstrate that MLorc: (1) consis-
tently outperforms LoRA, GaLore and LDAdamW in
terms of validation accuracy; (2) matches or exceeds
full fine-tuning performance with a small compression
rank (e.g., r = 4); (3) maintains comparable mem-
ory consumption to LoRA and achieves better time
efficiency than GaLore; (4) shows strong training dy-
namics alignment with full fine-tuning, as evidenced
by its training loss curves and optimal learning rates.

MLorc contributes to reducing the environmental im-
pact of large-scale model training by significantly low-
ering GPU memory usage and computation overhead,
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which can lead to reduced energy consumption during
fine-tuning.

Looking ahead, we identify several promising direc-
tions for future work to validate and enhance MLorc:
(1) Although our experiments focus on fine-tuning, ex-
tending MLorc to large-scale pre-training holds strong
potential, as demonstrated by GaLore (Zhao et al.,
2024), which shows that memory-efficient training
schemes can significantly reduce memory usage while
preserving model quality; (2) the current approach to
compress momentum may not be optimal, so explor-
ing alternative compression strategies with improved
memory/time efficiency and approximation accuracy
could be valuable; (3) our experiments were limited
to models up to 7B parameters, so further empirical
evaluation on larger-scale models (e.g., GPT-3 (Brown
et al., 2020)) would help assess the scalability and ef-
fectiveness of MLorc.
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Appendix

Appendix is organized as follows. Appendix A introduces details on RSVD. Appendix B provides a complete
proof of Theorem 3.3. Appendix C presents additional experimental evidence on the low-rank structure and
memory efficiency of MLorc. Appendix D gives detailed hyperparameter settings of experiments in Section 4 for
reproducibility.

A Details on RSVD

Randomized Singular Value Decomposition (RSVD) is an efficient algorithm for computing a low-rank approx-
imation of large matrices. Unlike the classical SVD, which can be computationally expensive for large-scale
data, RSVD uses random projections to reduce the dimensionality of the input matrix before performing
decomposition. This significantly accelerates the computation while retaining high approximation accuracy.

Algorithm 3 Randomized SVD (RSVD) with Oversampling

Require: Matrix A ∈ Rm×n, target rank r, oversampling parameter p
Ensure: Approximate rank-r SVD: A ≈ UΣV ⊤

l← r + p
Generate a random Gaussian matrix Ω ∈ Rn×l

Y ← AΩ ∈ Rm×l

Compute the QR decomposition: Y = QR
B ← Q⊤A ∈ Rl×n

Compute SVD of the small matrix: Ũ ,Σ, V ⊤ = SV D(B)
U ← QŨ
return U,Σ, V

The key idea behind RSVD is to first project the original matrix A ∈ Rm×n onto a lower-dimensional subspace
using a random matrix Ω producing a smaller matrix Y = AΩ. Then, it performs a standard SVD or QR
decomposition on Y , and reconstructs the approximate SVD A from this compressed representation.

Concerning the precision of RSVD, we have the following theorem, which is Theorem 10.5 of (Halko et al., 2011):

Lemma A.1 (Approximation error bound of RSVD). Let A ∈ Rm×n have singular values σ1 ≥ σ2 ≥ · · ·. For a
target rank r ≥ 2 and oversampling parameter p ≥ 2. When r + p ≤ min{m,n}, the randomized SVD algorithm
produces an approximation ARS such that

E [∥A−ARS∥F ] ≤
(
1 +

r

p− 1

) 1
2

(
∑
j>r

σ2
j )

1
2 . (3)

This lemma suggests that when the desired rank r is small (e.g, r = 4), with a proper oversampling parameter
p, RSVD has the same level approximation error(in expectation) as exact SVD up to a constant. We note
that though the oversampling parameter p is involved in providing an error bound for RSVD, empirically, it
does not significantly influence the experimental result. To reduce computational overhead, we set oversampling
parameter p = 0 in each of our experiments.

B Proofs

Our proof generally follows that of (Dong et al., 2024), while additionally analyzing and bounding the error
introduced by the low-rank compression in MLorc.

B.1 Lemmas

Lemma B.1. When r ≥ 2, p ≥ 2 and r + p ≤ min{m,n}, define γ =
(
1 + r

p−1

) 1
2

. Then we have

E[∥m̃t −mt∥F ] ≤ γ∥gt∥F
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Proof. Let σ1 ≥ σ2 ≥ · · · be the singular values of mt. We have

E[∥m̃t −mt∥F ] ≤
(
1 +

r

p− 1

) 1
2

(
∑
j>r

σ2
j )

1
2

≤
(
1 +

r

p− 1

) 1
2

∥mt − β2m̃t−1∥F

=

(
1 +

r

p− 1

) 1
2

(1− β2)∥gt∥F ,

where the first inequality is due to Lemma A.1, while the second inequality follows from the Eckart–Young–Mirsky
theorem, noting that m̃t−1 is a rank r matrix.

Lemma B.2. Denote δt = ct −∇f(Wt). Under Assumption 3.1, 3.2, we have

1

T

T∑
t=1

E [∥δt∥1,1] ≤
√
dσ√

bT (1− β2)
+

2Lαd

1− β2
+ (|β1 − β2|+ (1− β1)) ·

√
dσ√

b(1− β2)

+
1

T

T−1∑
t=1

β1

√
dγE [∥∇f(Wt)∥1,1] + γ

σ
√
d√
b

Proof. Denote ξt = gt −∇f(Wt). We have

δt =β1m̃t−1 + (1− β1)gt −∇f(Wt)

=β1(m̃t−1 −mt−1) + β1β2m̃t−2 + β1(1− β2)∇f(Wt−1) + (1− β1)gt −∇f(Wt)

=β1(m̃t−1 −mt−1) + β2(ct−1 − (1− β1)∇f(Wt−1)) + β1(1− β2)∇f(Wt−1) + (1− β1)gt −∇f(Wt)

=β1(m̃t−1 −mt−1) + β2(δt−1 +∇f(Wt−1))− β2(1− β1)gt−1 + β1(1− β2)∇f(Wt−1) + (1− β1)gt −∇f(Wt)

=β1(m̃t−1 −mt−1) + β2(δt−1 +∇f(Wt−1)) + (β1 − β2)(ξt−1 +∇f(Wt−1)) + (1− β1)(ξt +∇f(Wt))−∇f(Wt)

=β1(m̃t−1 −mt−1) + β2δt−1 − β1(∇f(Wt)−∇f(Wt−1)) + (β1 − β2)ξt−1 + (1− β1)ξt

=βt−1
2 δ1 +

k∑
k=2

βt−k
2

(
− β1 (∇f(Wk)−∇f(Wk−1)) + (β1 − β2)ξk−1 + (1− β1)ξk + β1(m̃k−1 −mk−1)

)

=βt−1
2 δ1 − β1

k∑
k=2

βt−k
2 (∇f(Wk)−∇f(Wk−1)) + (β1 − β2)

t∑
k=2

βt−k
2 ξk−1

+ (1− β1)

t∑
k=2

βt−k
2 ξk + β1

t∑
k=2

βt−k
2 (m̃k−1 −mk−1).

Taking expectations, and according to Lemma B.2, we have

E [∥δt∥1,1] ≤
√
d

{
βt−1
2 E [∥δ1∥F ] + β1

t∑
k=2

βt−k
2 E [∥∇f(Wk)−∇f(Wk−1)∥F ]︸ ︷︷ ︸

term (a)

+ E

[∥∥∥∥∥(β1 − β2)

t∑
k=2

βt−k
2 ξk−1 + (1− β1)

t∑
k=2

βt−k
2 ξk

∥∥∥∥∥
F

]
︸ ︷︷ ︸

term (b)

+ β1

t∑
k=2

βt−k
2 E [∥m̃k−1 −mk−1∥F ]︸ ︷︷ ︸

term (c)

}
.
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For term (a), we have

term (a) ≤L
t∑

k=2

βt−k
2 E [∥Wk −Wk−1∥F ]

=Lα

t∑
k=2

βt−k
2 E

[
∥sign(ct−1)

]
≤2Lα

√
d

t∑
k=2

βt−k
2

≤2Lα
√
d

1− β2
.

For term (b), we have

term (b) ≤ |β1 − β2|E

[∥∥∥∥∥
t∑

k=2

βt−k
2 ξk−1

∥∥∥∥∥
F

]
+ (1− β1)E

[∥∥∥∥∥
t∑

k=2

βt−k
2 ξk

∥∥∥∥∥
F

]

≤ |β1 − β2|

√√√√√E

∥∥∥∥∥
t∑

k=2

βt−k
2 ξk−1

∥∥∥∥∥
2

F

+ (1− β1)

√√√√√E

∥∥∥∥∥
t∑

k=2

βt−k
2 ξk

∥∥∥∥∥
2

F


= |β1 − β2|

√√√√ t∑
k=2

β
2(t−k)
2 E

[
∥ξk−1∥2F

]
+ (1− β1)

√√√√ t∑
k=2

β
2(t−k)
2 E

[
∥ξk∥2F

]

= |β1 − β2|

√√√√σ2

t∑
k=2

β
2(t−k)
2 /b+ (1− β1)

√√√√σ2

t∑
k=2

β
2(t−k)
2 /b

≤ (|β1 − β2|+ (1− β1)) ·
σ√

b(1− β2
2)

≤ (|β1 − β2|+ (1− β1)) ·
σ√

b(1− β2)
.

For term (c), according to Lemma B.1, we have

term (c) ≤
t∑

k=2

βt−k
2 E [∥m̃k−1 −mk−1∥F ]

≤γ(1− β2)

t∑
k=2

βt−k
2 E [∥gk−1∥F ]

≤γ(1− β2)

t∑
k=2

βt−k
2 E [∥∇f(Wk−1)∥F ] + γ(1− β2)

t∑
k=2

βt−k
2 E [∥ξk−1∥F ]

≤γ(1− β2)

t∑
k=2

βt−k
2 E [∥∇f(Wk−1)∥1,1] + γ

σ√
b
.

Plugging terms (a), (b), (c) back, we get

E [∥δt∥1,1] ≤
√
d{βk−1

2 E [∥δ1∥F ] +
2β1Lα

√
d

1− β2
+ (|β1 − β2|+ (1− β1)) ·

σ√
b(1− β2)

}

+
√
dγ(1− β2)β1

t∑
k=2

βt−k
2 E [∥∇f(Wk−1)∥1,1] + γ

σ
√
d√
b
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Initializing m0 = g1, we have E [∥δ1∥F ] = E [∥g1 −∇f(W1)∥F ] ≤ σ/
√
b, and

1

T

T∑
t=1

E [∥δt∥1,1] ≤
√
dσ√

bT (1− β2)
+

2Lαd

1− β2
+ (|β1 − β2|+ (1− β1)) ·

√
dσ√

b(1− β2)

+
1

T

T−1∑
t=1

β1

√
dγE [∥∇f(Wt)∥1,1] + γ

σ
√
d√
b

B.2 Proof of Theorem 3.3

Formal statement of Theorem 3.3: Under Assumptions 3.1 and 3.2, applying Algorithm 2 with r ≥ 2, p ≥ 2,
r + p ≤ min{m,n}, β1 ≤ 1

4γ
√
d
, we have

1

T

T∑
t=1

E
[
∥∇f(Wt)∥1,1

]
≤ O(1)

[
f(W1)− f(WT )

αT
+

σ
√
d√

bT (1− β2)

+
2Lαβ1d

1− β2
+ dLα+ γ

σ
√
d√
b

+ (|β1 − β2|+ 1− β1) ·
√
dσ√

b(1− β2)

]
.

Denote f(W1)− infW f(W ) = ∆. Set γ =
(
1 + r

p−1

) 1
2

= O(1), β2 = O(1), α =
√

∆
LdT . We have

1

T

T∑
t=1

E[∥∇f(Wt)∥1,1] ≤ O(1)

[√
dL∆√
T

+
σ
√
d√
b

]
.

Proof. According to Assumption 3.1, we have

f(Wt+1)− f(Wt)

≤⟨∇f(Wt),Wt+1 −Wt⟩+
L

2
∥Wt+1 −Wt∥2F

=− α ⟨∇f(Wt), sign(ct)⟩+
Lα2

2
∥sign(ct)∥2F

=− α ⟨∇f(Wt), sign(∇f(Wt))⟩ − α ⟨∇f(Wt), sign(ct)− sign(∇f(Wt))⟩+
Lα2

2
∥sign(ct)∥2F

≤− α ∥∇f(Wt)∥1,1 + 2α∥δt∥1,1 +
dLα2

2

Taking expectations, and according to Lemma B.2, we have

E [f(WT )− f(W0)]

≤− α

T−1∑
t=0

E[∥∇f(Wt)∥1,1] + 2α

T∑
k=1

E [∥δt∥1,1] + TdLα2/2

≤− α

T∑
t=1

E[∥∇f(Wt)∥1,1] + 2αT

{ √
dσ√

bT (1− β2)
+

2Lαβ1d

1− β2
+ (|β1 − β2|+ 1− β1) ·

√
dσ√

b(1− β2)

+
1

T

T−1∑
t=1

β1

√
dγE [∥∇f(Wt)∥1,1] + γ

σ
√
d√
b

}
+ TdLα2/2.

When β1 ≤ 1
4γ

√
d
, we have

1− 2β1

√
dγ ≥ 1

2
,
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and

1

T

T−1∑
t=0

E
[
∥∇f(Wt)∥1,1

]
≤ O(1)

[
f(W1)− f(WT )

αT
+

σ
√
d√

bT (1− β2)

+
2Lαβ1d

1− β2
+ dLα+ γ

σ
√
d√
b

+ (|β1 − β2|+ 1− β1) ·
√
dσ√

b(1− β2)

]
,

Denote f(W1)− infW f(W ) = ∆. Set γ =
(
1 + r

p−1

) 1
2

= O(1), β2 = O(1), α =
√

∆
LdT . We have

1

T

T∑
t=1

E[∥∇f(Wt)∥1,1] ≤ O(1)

[√
dL∆√
T

+
σ
√
d√
b

]
.

Thus, when σ = 0 in deterministic case, we can find an ϵ-entrywise ℓ1-norm stationary point of f with a
complexity of O(∆Ldϵ−2); when σ ̸= 0 in stochastic case, with a large batch size b = Θ(dσ2ϵ−2), we can find
an ϵ-entrywise ℓ1-norm stationary point of f with a sample complexity of O(∆Ld2σ2ϵ−4), matching the same
sample complexity as the original Lion (Dong et al., 2024).

C Additional Experimental Results

C.1 Low-rank Structures of the Gradients and Momenta

(a) CoLA (b) MRPC

(c) RTE (d) STSB

Figure 4: Ratio of top-8 singular values to total singular values for gradient, first moment, and second moment
during AdamW finetuning of RoBERTa-base on the CoLA, MRPC, RTE, STSB datasets.
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We conduct experiments examining the concentration of singular values in gradients and momenta during
AdamW finetuning of RoBERTa-base on the CoLA, MRPC, RTE and STSB datasets. We set the batch size
as 128, epochs as 20, learning rate as 1e-4 for all these four datasets. We use AdamW finetune the matrix
parameters of query, key, value, output weights in attention layers and the intermediate and output weights in
feed-forward layers. We conducted these experiments on NVIDIA RTX 6000 Ada GPUs. The average ratios of
top-8 singular values to total singular values for gradient, first moment, and second moment of all these matrix
parameters are reported in Figure 4. We can note that, in general, the momenta on all these datasets have highly
concentrated singular values and exhibit low-rank structures, which is aligned with the intuition of our method.

C.2 Memory Footprint with Per-layer Weight Updates

As mentioned in Section 3.2, we can avoid storing full gradients in MLorc by using per-layer weight updates (Lv
et al., 2024). Here we compare the memory consumption of LoRA and MLorc with per-layer weight updates
with a batch size of 4.

Table 6: Memory footprint of MLorc with per-layer weight updates and LoRA with a batch size of 4. Apart
from batch size, other hyperparameters and settings are same as previous experiments.

MLorc (per-layer update) LoRA
16.8GB 17.7GB

Table 6 suggests that MLorc can even be more memory-efficient than LoRA with per-layer weight updates, which
supports our claim in Section 3.2.

C.3 Ablation study

In MLorc-AdamW, we compress both the first moment and the second moment. In principle, we could instead
compress only the first moment while retaining the original AdamW update rule for the second moment (denoted
as MLorc m in Table 7), or compress only the second moment while retaining the original AdamW update rule
for the first moment (denoted as MLorc v in Table 7). We conducted additional ablation experiments comparing
MLorc m, MLorc v, and MLorc-AdamW . We adopted the same experimental settings as in the main paper, and
the results are shown in Table 7. We observe that the performance differences among MLorc m, MLorc v, and
MLorc-AdamW are relatively small. MLorc achieves better results than both MLorc m and MLorc v on four
out of the eight datasets. However, MLorc requires significantly less memory than MLorc m and MLorc v. For
example, in the MRPC experiment, full fine-tuning consumes 2498 MB, while MLorc m and MLorc v require
2027 MB and 2026 MB, respectively. In contrast, MLorc-AdamW only uses 1703 MB. Therefore, we believe that
MLorc-AdamW is more practical when memory resources are limited.

Table 7: Ablation study on compressing different momenta in MLorc-AdamW

Method CoLA MNLI MRPC QNLI QQP RTE SST2 STSB Avg

Full 62.33 87.62 91.11 92.92 90.26 75.81 95.18 90.50 85.72

MLorc-AdamW 62.07 87.53 90.77 93.19 88.99 77.98 95.18 90.59 85.79
MLorc m (Only compress m) 61.07 87.51 91.34 93.19 88.99 78.70 95.18 90.59 85.69
MLorc v (Only compress v) 59.14 87.67 91.31 92.38 90.32 75.81 95.07 90.58 85.29

D Detailed Experimental Settings

D.1 Fine-Tuning on MetaMathQA and CodeFeedback

The pre-trained LLaMA2-7B model is from Hugging Face4. We have reported our batch size, epoch and other
settings in Section 4.1. Also, for all methods, on GSM8K dataset, the max sequence length is 512; on Code-
Feedback dataset, the max sequence length is 1024; the weight decay is 0. For GaLore, the subspace update

4https://huggingface.co/meta-llama/Llama-2-7b-chat-hf



Wei Shen, Zhang Yaxiang, Minhui Huang, Mengfan Xu, Jiawei Zhang, Cong Shen

frequency T is set to 300 on both datasets. Oversampling parameter p is set as 0 for MLorc on both datasets.
The temperature for evaluation is 0.8 for math task and 0.1 for coding task, since a high temperature would lead
to highly unstable performance on HumanEval dataset. For each method and each dataset, the learning rate is
individually tuned. We present specific learning rates in Table 8.

Table 8: Learning rates of different methods when fine-tuning LLaMA2-7B on MetaMathQA and CodeFeedback
dataset.

MLorc-AdamW Full (AdamW) LoRA (AdamW) GaLore LDAdamW

MetaMathQA 7E-05 4E-05 1E-03 3E-03 3E-04
CodeFeedback 7E-05 9E-05 3E-04 2E-03 3E-04

MLorc-Lion Full (Lion) LoRA (Lion)

MetaMathQA 1E-05 3E-05 1E-04
CodeFeedback 7E-06 2E-05 2E-04

D.2 Fine-Tuning on GLUE

The pre-trained RoBERTa-Base model is from Hugging Face5. We use the same batch size, number of epochs,
and maximum sequence length across all methods, including Full fine-tuning, MLorc, LoRA, and GaLore. For
each method and each dataset, the learning rate is individually tuned. The LoRA scaling factor α is set to 16
for all tasks. For GaLore, the subspace update frequency T is set to 50 for CoLA, MRPC, RTE, and STSB, and
100 for SST2, QNLI, MNLI, and QQP. We set the oversampling parameter p as 0 for MLorc for all datasets.
Experiments for CoLA, MRPC, and RTE are conducted on NVIDIA H100 GPUs; STSB, SST2, and QNLI are
conducted on NVIDIA RTX A6000 GPUs; MNLI on NVIDIA RTX 6000 Ada GPUs; and QQP on NVIDIA
GeForce RTX 3090 GPUs. Detailed hyperparameter settings are provided in Table 9.

Table 9: Hyperparameter settings for the GLUE tasks. ”LR” denotes the learning rate.

CoLA MNLI MRPC QNLI QQP RTE SST2 STSB

Batch Size 128 128 128 128 128 128 128 128
Epochs 10 5 20 5 5 10 10 20
Max Seq. Len. 64 256 64 256 256 256 128 128
LR of Full 3E-05 3E-05 7E-05 1E-05 7E-05 3E-05 7E-06 1E-04
LR of MLorc 3E-05 1E-04 7E-05 5E-05 7E-05 5E-05 5E-05 7E-05
LR of LoRA 1E-03 3E-04 1E-03 5E-04 5E-04 7E-04 3E-04 5E-04
LR of GaLore 3E-04 3E-04 5E-04 3E-04 3E-04 5E-04 3E-04 3E-04
LR of LDAdamW 7E-05 7E-05 3E-04 7E-05 1E-04 5E-04 7E-05 1E-04

D.3 License information

LLaMA 2-7B (Touvron et al., 2023) is licensed under the LLaMA 2 Community License Agreement. CodeFeed-
back (Zheng et al., 2024) is licensed under Apache License 2.0. RoBERTa (Liu et al., 2019), MetaMathQA (Yu
et al., 2023), GSM8K (Cobbe et al., 2021), HumanEval (Chen et al., 2021) are licensed under the MIT License.

5https://huggingface.co/docs/transformers/model doc/roberta


