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Motivation & OverviewMotivation & Overview

vChallenge: 
1. Optimizer states are a major memory bottleneck in large-scale model 

training.
2. Reducing memory costs often incurs high computational costs or 

compromises training stability & model performance.

vSolution (COAP): 
1. Correlation-Aware Projection Update: Smoothly evolves the projection 

matrix, leveraging prior optimization history for consistent gradient 
representation.

2. Low-Cost SVD Recalibration: Using occasional low-cost SVD to recalibrate 
the low-rank projection matrices, slashing computational cost (O(mn²) → 
O(mr²)) and promoting robust optimization.

vStrengths : 
1. Significant Memory Reduction: Up to 81% optimizer memory savings 

with minimal overhead (e.g., +2% training time).
2. Maintained/Improved Performance: Achieves comparable or superior 

model quality to full-rank training.
3. Seamless Integration: Easily integrates with optimizers (e.g., AdamW, 

Adafactor). Effectiveness proven across multimodal, diffusion, and large 
language models (LLMs).

Proposed Method
Figure 1: Profiling the GPU memory usage during the training stage of LLaVA-v1.5-7B on 1xA100
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For a weight matrix 𝑊 ∈ ℝ!×#, the corresponding gradient matrix at time step 
𝑡	can be denoted as 𝐺$ = ∇%ℒ(𝑊) ∈ ℝ!×#. 
Then, the general weight update process can be formulated as: 
𝑊$&' = 𝑊$ − 𝜂𝜌$ 𝐺$  (𝜂	is the learning rate,  𝜌$ adjusts the gradients.)

Training with Low-rank Gradient

1. Inter-projection Correlation-aware 𝑃 Update

2. Occasional Low-cost SVD

lem:

min
Pt

MSE(Ĝt,Gt)︸ ︷︷ ︸
reconstruction term

· (1→ CosSim(M̂t→1,Gt))︸ ︷︷ ︸
direction term

, (6)

where CosSim(·, ·) and MSE(·, ·) return the cosine similar-
ity and mean squared error, respectively. Ĝt ↑ Rm↑n =
GtPt→1P↓

t→1 and M̂t→1 ↑ Rm↑n = Mproj
t→1 P

↓
t→1 are the

full-rank estimates of gradient and first-order moment pro-
jected back from the low-rank subspace, respectively. No-
tably, the reconstruction term is introduced to minimize the
reconstruction error for gradients incurred by projection –
achieving the similar goal that SVD essentially aims for,
and direction term encourages the consistency of optimiza-
tion direction after restoring from low-rank subspace. To
solve Eqn. 6 as a non-convex optimization problem, we use
stochastic gradient descent (SGD) to iteratively update Pt

(see theoretical analysis and implementation details in Ap-
pendix).

Occasional Low-cost SVD to recalibrate Pt Update.
In principle, unlike GaLore, our proposed Pt update only
requires to perform SGD-based iterative update without per-
forming SVD on Gt. However, considering 1) SGD may
get stuck in local optimum in the optimization process; and
2) theoretically truncated SVD provides minimal approxi-
mation error for low-rank decomposition, we propose per-
forming infrequent low-cost SVD to redirect the calculation
of Pt as follows:

Qred, = QRred(GtPt→1),

U ,!,Z↓ = SVD(Q↓
redGt),

Pt = Z

(7)

where U ,! ↑ Rr↑r
,Z ↑ Rn↑r and QRred(·) is the re-

duced QR decomposition, which returns Qred ↑ Rm↑r

consisting of orthogonal columns. Our key idea is to first
project Gt into the Pt→1-defined low-rank subspace and
obtain Qred. Then, because all the columns of Qred are or-
thogonal, we have Gt ↓ QredQ↓

redGt ↓ QredU!Z↓ to
determine Pt as Z . Notably, here the SVD on Q↓

redGt can
be viewed as the approximated version for SVD on Gt, but
the much smaller size of Q↓

red brings significant reduction
in computational complexity from O(mn

2) to O(mr
2).

Evaluation on single A100 GPU shows that this low-cost
method only consumes 23 seconds when updating all Pt

for LLaVA-7B model, bringing over 20↔ speedup than the
SVD operation in GaLore.

Overall Training Procedure. The proposed gradient
projection update schemes, due to their generality, can be
seamlessly integrated into existing optimizers such as Adam
and Adafactor. Algorithm 1 outlines the overall Adam-
based training procedure incorporating the proposed Pt up-
date approach. In this setup, Pt is updated at regular inter-
vals every Tu steps following Eqn. 6, with additional recal-

ibrating based on Eqn. 7 every ω↔ Tu steps. Therefore, the
weight update process can be formulated as:

Wt = W0 +
ω→1∑

i=0

Tu∑

j=1

”W proj
i↑Tu+j

P↓
i
, (8)

where t = ω↔Tu and ”W proj
i

represent the weight update
within the low-rank subspace defined by Pi, with gradients
over each Tu steps sharing the same Pi. Notably, since Tu

and ω are hyper-parameters that control the update interval
of Pt, the corresponding ablation study on their effects is
discussed in Section 5. Additionally, we provide details on
the CNN-specific handling and the Adafactor-based algo-
rithm in Appendix.

Algorithm 1: Adam with COAP
Input: Weight matrix W → Rm→n, Learning rate ω, Rank r,

Betas [ε1,ε2], Update interval [ϑ, Tu].
Initialize: Mproj

0 → Rm→r ↑ 0, V proj
0 → Rm→r ↑ 0, t ↑ 0

Randomly Initialize: P0 → Rn→r

Compute: P0 ↑ (P0,G0) ϖ Eqn. 7
for t in [1, 2, · · · ] do

Compute: gradient Gt of Wt in the loss function.
if t mod Tu = 0 then

if t mod (ϑ↓ Tu) = 0 then
Compute: Pt ↑ (Pt↑1,Gt) ϖ Eqn. 7

else
Update:Pt ↑ (Pt↑1,Gt,Mt↑1) ϖ Eqn. 6

else
Pt ↑ Pt↑1

ϖProject gradient and moments into low-rank space.
Gproj

t ↑ GtPt

Mproj
t ↑ ε1M

proj
t↑1 + (1↔ ε1)G

proj
t

V proj
t ↑ ε2V

proj
t↑1 + (1↔ ε2)(G

proj
t )2

ϖCalculate the bias correction term in low-rank space.

!W proj
t ↑ Mproj

t
/(1↑ω

t

1)√
V proj
t

/(1↑ωt
2)+ε

ϖRestore !W proj
t to original space and update W .

Wt ↑ Wt↑1 ↔ ω!W proj
t P↓

t

Return: updated W

4. Experiments
We evaluate COAP over various scales of datasets and mod-
els, including both pre-training and fine-tuning. The mod-
els assessed encompass architectures that contain convolu-
tional layers, e.g., Latent Diffusion Models (LDM) [42],
ControlNet-XL [38, 59], as well as architectures that based
only on transformers, including Scalable Interpolant Trans-
formers (SiT) [35], LLaVA [27, 28] and LLaMA [48].

Rank Ratio Given the varying sizes of weight matrices
in models, e.g., LDM, and SDXL, we define the rank ratio
as c to unify the calculation of ranks for different matrices.
For an m↔ n matrix, the rank r is given by r = min(m,n)

c
.
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Comparison between COAP and other low-rank-
based methods. 

Comparison of generated images at different 
training steps (20K, 40K, 80K). 

Pre-training SiT-XL/2 with REPA on the ImageNet-
1K dataset for 400K steps using 8xH100 GPUs.

Pre-training LLaMA-1B and LLaMA-7B on the 
C4 dataset using 8xH100 GPUs.

Fine-tuning LLaVA-v1.5-7B on the ScienceQA dataset 
using 1xA100. ``OOM" means out-of-memory.

Training ControlNet based on SDXL for 80K 
steps using 8xH100 GPUs in BF16 format, 
conditioned on human poses.

Table 4. Comparison of generated images at different training
steps (20K, 40K, 80K). We use the DDIM with a guidance scale
of 5.0 for generating images. The number of inference steps is 50.

Prompt: a man in a shirt and tie holding a cup of coffee

Human
pose Reference 20K 40K 80K

GaLore (2.7 GB)

COAP (0.9 GB) 8-bit COAP (0.5 GB)

ing the IoU between predicted and ground truth key points
to determine the Average Precision (AP), and averaging
these AP values. We train the model for 80K steps using
8→H100 GPUs in BF16 format, with total batch size of 32,
learning rate of 1→ 10→5, and weight decay of 0.

Comparison Results. Table 3 presents the quantitative
evaluation results of models trained with different optimiz-
ers. The convergence speed of Adafactor is significantly
faster than AdamW, so we chose Adafactor for our experi-
ments. Our method achieves results comparable to Adafac-
tor while reducing optimizer memory usage by 80%, with
only a 6% increase in additional training time. In contrast,
methods like Flora and GaLore fail to converge at the same
compression rate. Additionally, our method is also appli-
cable to 8-bit, reducing optimizer memory usage by 90%.
Table 4 compares images generated by models trained with
different methods. Our method is able to generate human
poses that align with the input at just 20K steps, while Ga-
Lore fails to converge even after 80K steps, leading to no-
ticeable mismatches between the generated and input poses.

4.4. Pre-training LLaMA-1B and LLaMA-7B

Experimental Settings. For large language models, we fol-
low the training settings described in [66] to train LLaMA-
1B from scratch on the C4 dataset. Our training employs an
initial learning rate of 0.01 and a total batch size of 512.

Comparison Results. As shown in Table 5, our method
outperforms other methods. In LLaMA-1B, compared to
other low-rank methods, we reduce the optimizer memory
by 61% with only a 2% increase in additional training time,
which is significantly lower than the training time increase
of other methods, and achieve performance comparable to
AdamW. In contrast, LoRA and ReLoRA require an addi-
tional 36% model size and result in perplexity (PPL) in-
creases of 3.65 and 2.77, respectively. In LLaMA-7B using

Table 5. Pre-training LLaMA-1B and LLaMA-7B on the C4
dataset using 8→H100 GPUs. PPL is reported along with GPU
memory usage of optimizer states and the model in BF16 format.
The rank is 512 for LLaMA-1B and 1024 for LLaMA-7B.

Model Method Optimizer
Mem. (GB)↑

Model
Mem. (GB)↑

Training
Time↑ PPL↑

LLaMA
1B

(100K)

AdamW 4.99 2.49 28.50 h 15.56

GaLore 1.94 (-61%) 2.49 +17% 15.64
LoRA 2.27 (-55%) 3.38 (+36%) +6% 19.21
ReLoRA 2.27 (-55%) 3.38 (+36%) +6% 18.33
COAP 1.94 (-61%) 2.49 +2% 15.56

LLaMA
7B

(80K)

8-bit Adam 12.55 12.55 52.01 h 15.39

8-bit GaLore 5.25 (-58%) 12.55 +19% 15.47
8-bit COAP 5.25 (-58%) 12.55 -2% 15.28

Table 6. Fine-tuning LLaVA-v1.5-7B on the ScienceQA dataset
using 1→A100. “OOM” means out-of-memory.

Method Training
Time↑

Optimizer
Mem. (GB)↑

Model
Mem. (GB)↑

ScienceQA
IMG-Acc(%)↓

AdamW - OOM OOM -
DeepSpeed 47.1 h 26.4 13.2 82.4
GaLore 30.2 h 8.1 (-49%) 13.2 91.1
LoRA 11.1 h 8.1 (-49%) 17.2 (+30%) 92.3
Flora 9.5 h 8.1 (-49%) 13.2 66.6
COAP 7.6 h 8.1 (-49%) 13.2 92.3

8-bit GaLore 30.0 h 4.9 (-81%) 13.2 90.7
8-bit COAP 7.8 h 4.9 (-81%) 13.2 92.0

8-bit optimizers, our method outperforms 8-bit Adam [10],
reducing training time by 2% and lowering PPL by 0.11.
Meanwhile, GaLore increases training time by 19% and
suffers a PPL increase of 0.12.

4.5. Fine-tuning LLaVA-7B
Experimental Settings. We apply our method to a recent
state-of-the-art Large Multimodal Model (LMM): LLaVA-
v1.5-7B [27]. LLaVA connects the pre-trained CLIP ViT-
L/14 [39] visual encoder and the large language model Vi-
cuna [67] using a simple projection matrix for feature align-
ment. We perform fine-tuning on LLaVA based on this
setup. We train the model using task-specific fine-tuning
on the ScienceQA [33] dataset for 12 epochs with a batch
size of 16 and a learning rate of 2→10→5 on 1→A100 GPU.

Comparison Results. Table 6 compares the results of
fine-tuning LLaVA-7B on the ScienceQA dataset using dif-
ferent optimizers. In a single GPU environment, training
large models directly with the AdamW optimizer can lead
to Out-of-memory (OOM) errors due to the significant GPU
memory consumption by optimizer states. Although Deep-
Speed’s CPU-offload [41] feature can alleviate GPU mem-
ory pressure by migrating optimizer states to CPU mem-
ory, it significantly increases training latency due to fre-
quent data transfers. Compared to DeepSpeed and GaLore,
our training speed is improved by 6→ and 4→, respectively,
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