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Abstract. Large language models (LLMs) achieve remarkable per-
formance across diverse tasks but face increasing GPU-memory de-
mands due to the growing variety and complexity of downstream
tasks. Efficient inference has thus become essential, especially for
resource-limited settings.

In this paper, we propose LoORA Decompose, a novel compression
approach based on a key insight: instruction-fine-tuned models share a
common pretrained-like base component and differ primarily through
low-rank, LoRA-like delta components. Leveraging this observation,
we reformulate the inference problem as a constrained optimization
task that jointly identifies a shared low-rank structure across multiple
models, significantly reducing their memory footprints.

We solve this optimization efficiently using a custom-designed
block coordinate descent algorithm, converging quickly within a few
iterations. Empirical experiments with Llama-2 7B and 13B models
demonstrate that our method achieves a remarkable >32x GPU mem-
ory reduction while preserving task accuracy, allowing substantial
efficiency gains for practical deployment.

1 Introduction

Large language models (LLMs) have shown surprising performance in
various tasks, including language comprehension [9], code generation
[5], and math problem solving [16]. To achieve such abilities, it is
a common practice to employ a "pretrain then fine-tune" paradigm.
With the process of fine-tuning, task-specific models demonstrate
substantially superior performance compared to general pretrained
models. For instance, in the human-eval benchmark (a code generation
task), code-llama 7B model can even outperform llama-2 70B model
by a large margin, achieving a top-1 accuracy of 33.5% compared to
30.5%. Notably, Code-Llama 7B is an order of magnitude smaller
than LLaMA-2 70B, underscoring the efficiency and effectiveness of
task-specific fine-tuning. [1]

To adapt large language models to specific downstream tasks, two
main approaches are commonly used: full-parameter fine-tuning and
Low-Rank Adaptation (LoRA). Full-parameter finetuning offers max-
imum performance by updating all model weights, making it ideal
for tasks with significant distribution shifts from pretraining. How-
ever, shown in Figure 1(a), it demands substantial computational
and storage resources, posing challenges for deployment in resource-
constrained environments. LoRA[11, 15, 6, 12], a parameter-efficient
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fine-tuning (PEFT) method, addresses these limitations by introducing
trainable low-rank updates while keeping most pretrained weights
fixed, significantly reducing resource consumption with minimal per-
formance trade-off. In deployment, LoRA enables efficient multi-
model inference with low memory overhead, as shown in Figure 1(b).
Nonetheless, in tasks requiring extreme precision or major structural
modifications, LORA may underperform compared to full-parameter
finetuning.

‘Why collaboratively multi-model inference is important? The
vision of deploying a large number of fine-tuned LLMs, each special-
ized for different tasks or user preferences, is increasingly compelling.
Recent advances such as parameter-efficient fine-tuning and quan-
tization techniques have made it feasible to train and store many
such models even on consumer-grade GPUs [6]. However, realizing
this vision in practice remains challenging. Once fine-tuned, hosting
these models independently on dedicated GPUs becomes prohibitively
expensive in terms of both hardware and energy. This challenge is es-
pecially pronounced in LLM agent systems [2, 10, 23], which benefit
from invoking multiple specialized models for distinct subtasks. To
ensure low-latency responses, these models must be co-located and
served collaboratively, often through concurrent or parallel execution
[21]. Despite its importance, this problem setting remains underex-
plored, with only a few recent efforts addressing the need for efficient
collaborative multi-model inference [14, 19].

Current optimization techniques show limited effectiveness in re-
ducing memory usage, as most studies concentrate on single-model
quantization. Since FP16 remains the standard inference format and
the most aggressive form of quantization compresses models to 1-bit
representations [14], these methods achieve at most a 16x reduction
in size. Moreover, such approaches largely neglect opportunities for
collaborative optimization across multiple models. To address this
limitation, we introduce a novel framework that exploits the shared
knowledge and low-rank structure inherent in collections of fine-tuned
models derived from a common pretrained model.

A straightforward method is to directly truncate the rank of delta
weight between pretrained model and fine-tuned model. But as shown
in our experiments that this straightforward method badly hurts the
performance of the model. To this end, we propose our method LoRA
Decompose. Our intuition is to collaboratively compress the fine-
tuned models and find an optimum shared base weight and delta
counterparts for each fine-tuned model to be low-rank. Our obser-
vation shows that the delta counterparts do show the property of
low-rank.
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Figure 1: Methods comparison. Our proposed method LoRA Decompose has good system efficiency and accuracy.

Shown in Figure 1(c), our approach introduces a collaborative
compression strategy that decomposes each fine-tuned model into a
shared base component and individual delta components, enabling
efficient storage and inference. Through extensive experiments on
diverse model collections, we demonstrate the superior performance
of our method compared to state-of-the-art single-model compression
techniques. The key contributions of this work can be summarized as
follows:

1. We propose a novel collaborative compression framework for fine-
tuned model collections, exploiting their shared knowledge and
low-rank structure.

2. We introduce a layer-wise decomposition approach that effectively
isolates common and unique information across models, enabling
efficient compression.

3. We conduct extensive experiments on various model collections,
demonstrating the superiority of our method over existing single-
model compression techniques.

4. We provide a comprehensive analysis of the factors influencing
collaborative compression performance, offering valuable insights
for future research.

In conclusion, Section 2 provides the motivation and Problem State-
ment to justify this new usage scenario and its main challenge. Section
3 extends our collaborative compressionion framework. Section 4
shows our experiments on compressing multiple Llama-2 based fine-
tuned models on different downstream tasks. Section 5 and Section 6
are related work and discussions respectively.

2 Motivation and Problem Statement

Motivation Current research in large language models (LLMs)
has not fully addressed the potential of multi-model collaborative
inference. However, this scenario is not hypothetical. The "pretrain
then fine-tune" paradigm prompts LLM users to fine-tune their own
task-specific models based on open source pre-trained models. This
practice spurs many applications like LLM-based agents that involve
multi-model inference. For example, HuggingGPT[21] employs a
general LLM as a task planner and subsequently uses expert models
from HuggingFace to execute individual steps. Since the number of
expert models is uncertain and the their types in use is indefinite as
well, it is impossible to allocate ad-hoc GPU for each model. These
applications demand co-location of multiple models on few proximate
GPUs or even just one GPU for efficient service deployment.

Challenge In this context, the primary challenge is accommodat-
ing multiple models onto constrained GPU resources with limited
memory, especially when these applications are more likely to be
deployed on the edge side. Even Nvidia’s GeForce RTX 4090, the
most high-end consumer-grade GPU, with 24GB of memory, can only

hold up to two typical fine-tuned models (7B to 13B parameters) when
using fp16 format for inference. This calculation only accounts for
parameter memory, excluding other essential memory requirements
such as activations, KV cache, and other components. Consequently,
to enable those future applications, effective optimization strategies
are necessary to mitigate this storage bottleneck.

In this paper, we aim to explore and address this challenge, paving
the way for broader applications of multi-model collaboration in real-
world scenarios. We present LORA Decompose, which collaboratively
compresses multiple models into a shared base model and respective
low-rank delta components. Our method effectively enhances the
ability to store and deploy a number of models. Compared to related
works such as quantization methods [13, 8, 14], our method is more
memory efficient and accurate.

We can further deploy these models for parallel inference thanks
to SLoRA and Punica[4]. Since our method transforms multiple fine-
tuned models into LoRA-like models with a shared base model, it is
straightforward to exploit their designed system by batching requests
for different models using the multi-LoRA kernel. This kernel packs
all the requests for different LoORA models in one batch and conducts
the computation in one kernel launch, so that different models would
not need to switch between GPU on and off chip at an expensive cost.
Since our method is designed to transform models into LoRA-like
decompositions, it is inference-friendly.

To this end, our research will not only enable multi-model collabo-
rative inference on consumer-grade GPUs but also unlock new possi-
bilities for deploying complex Al applications in resource-constrained
environments, ultimately democratizing access to advanced Al capa-
bilities.

3 Method

In this section, we present our methodology for compressing mul-
tiple models. We begin by formulating the compression task as an
optimization problem, establishing the foundation for analysis. As a
starting point, we introduce a direct solution that serves as a baseline,
though it yields sub-optimal performance. To overcome this limitation,
we propose LoRA Decompose, which employs the block coordinate
descent (BCD) algorithm to efficiently optimize the objective. Im-
portantly, we show that the direct method is a special case of our
generalized framework. An overview of both methods is provided in
Figure 2. Finally, we provide the theoretical analysis to guarantee the
convergence of our approach.

3.1 Formulation

To start with, we aim to discover the latent low-rank structure that
may present among a series of fine-tuned models. Specifically, we
consider a set of models My, ..., M, each derived from the same
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Figure 2: (a). Direct Delta Compression baseline, in which delta matrices are directly pruned to low-rank form. (b). Our proposed method, LoRA

Decompose, which optimizes a shared base matrix across models. .

pretrained model P through fine-tuning. For example, both "meta-
llama/Llama-2-7b-chat-hf" model and "Imsys/vicuna-7b-v1.5" model
are all fine-tuned versions from "meta-llama/Llama-2-7b-hf" model.

Rather than compressing each fine-tuned model individually, we
propose a collaborative approach. Our intuition is that the fine-tuning
process introduces relatively minor changes compared to the vast
amount of information already encoded in the pretrained model. Con-
sequently, we hypothesize that there exists a common base model,
from which the deviation of each fine-tuned model can be represented
within a low-dimensional space. This low-rank structure enables an
effective framework to compress the entire collection of fine-tuned
models simultaneously.

In other words, we decompose each fine-tuned model into a shared
base component and a unique delta component. Since these models
share the same architecture, we can decompose and compress each
model in a layer-by-layer manner.

Formally, consider a single parameter layer within a transformer
model, such as a query projection layer (Q) or a feedforward network
(FFN) linear layer. Let { W}/, represent the original weight ma-
trices of this layer across these K fine-tuned models. Our goal is to
find a common base matrix B and a set of low-rank delta matrices
{L;}X, such that each weight matrix W; can be approximated as
W:~ B+ L;.

We use the Frobenius norm to quantify the approximation error
between the original matrices W; and the approximated matrices
W: = B + L;. Meanwhile, we adopt the nuclear norm as a convex
relaxation to impose a low-rank penalty.

K
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3.2 Direct Delta Compression Baseline

Before looking into our proposed solution, we first establish a baseline
approach. Following our intuition, it is easy to assume that the direct
deviation from the pretrained model to each fine-tuned model can be
effectively represented within a low-dimensional space. Note that this
is the very assumption that is adopted in Bitdelta [14], where one-bit
quantization is applied to this direct deviation for model compression.

Consequently, the base matrix B is set to be the pretrained model
matrix P. We then seek to find the solutions for L, ..., Lk in prob-
lem 1. The most straightforward practice in this baseline involves
performing a low-rank approximation for each delta matrix, where
D; = W,; — P. In detail, each D; undergoes singular value decom-

position (SVD), resulting in D; = ULV . Here, ¥ is a rectangular
diagonal matrix which contains the singular value of D;, represented
as D; = Z?:l Uijuz‘jvg;', where the singular values o1, ..., 04 are
sorted in descending order. By manually setting a target rank r, we
obtain the low-rank approximation D; = 22:1 O'ijuz'j'l);rj. Finally,
the compressed weight matrix is calculated as W; =P+ D;.

In our experiments 1 and 2. We show that this brutal cutoff of delta
models is harmful to their model accuracy.

3.3 The proposed method

We solve this problem through the block coordinate descent (BCD)
algorithm [18], which alternatively minimizes the base matrix B and
the lora-rank delta matrices L; in each iteration.

Algorithm 1 LoRA Decompose

1: Input: A set of fine-tuned model weight matrices W7, . ..
and the hyperparameters p1, ..., Pk

: Initialize B <+ 0,{L1,...,Lx} + 0

:fort =1toT do
Update base matrix B
fori =1to K do

Update ¢ th delta matrix L; <— Singlar Value Thresholding

of Wi - B by Pi
end for

: end for

9: Output: B, L1, ...

, Wk,

SKE (wi-Ly)
K

AN

By

, Lk

Initalization To start with, we initialize the matrix B and the matri-
ces L; to be zero. Please note that in our algorithm, the initialization
doesn’t have any influence on the algorithm.

Base Matrix update At the ¢ step, in the first phase we update the
base matrix B and fix the delta matrices L1, ..., Lk in the last step.
Thus, the object function for B is ming Y1 | 1|W; — B — Li||%,
which has a direct closed-form result

B, = Zszl(Wl — Li)

K
Delta Matrix update In the second phase, we update the delta ma-
trices L1, ..., Lk and fix the updated base matrix B;. Thus, the target
function is decomposed into miny,, (1 ||W; — B — Li||% + pi||Li|«)
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Table 1: Accuracy Comparison: Llama-2-7b model series.
Model Evaluation Original Ours Direct Dgl?a ) BilD‘ellaA 4 bit )
Tasks Accuracy Decomposition  (with calibration)  Quantization
meta-llama/Llama-2-7b-hf MMLU 4591 49.79 4591 4591 42.88
meta-llama/Llama-2-7b-chat-hf MMLU 4741 50.48 48.11 47.29 4571
Truthful QA 45.32 42.72 48.38 44.62 45.00
Imsys/vicuna-7b-v1.5 MMLU 49.95 50.95 48.80 49.83 47.69
Truthful QA 50.36 47.26 48.35 49.95 50.43
clibrain/Llama-2-7b-ft-instruct-es MMMLU_ES 39.38 42.76 39.32 39.52 36.95
hfl/chinese-llama-2-7b CEVAL 36.40 39.90 36.40 29.72 32.39
nipie/Llama2-MedTuned-7b MedQA 39.59 41.95 39.28 40.14 38.41
elyza/ELYZA-japanese-Llama-2-7b-instruct JNLI 44.69 50.43 46.93 44.01 -
shan2003/llama-2-7b-legal-laws Law_stack_exchange 23.04 63.01 55.16 61.44 55.96
Table 2: Accuracy Comparison: Llama-2-13b model series.

Model Ev’?‘iitsion zg:r(lzilrgi; Ours Dlz(i:f)encli)]s;itizn BitDelta Quaﬁt?zi;tion
meta-llama/Llama-2-13b-hf MMLU 54.91 56.86 54.91 54.91 53.59
meta-llama/Llama-2-13b-chat-hf MMLU 53.58 56.67 54.49 53.77 52.33

Truthful QA 43.96 42.94 44.79 42.85 41.38
Imsys/vicuna-13b-v1.5 MMLU 55.71 57.53 56.78 55.74 54.74

Truthful QA 50.86 45.37 48.13 50.28 47.96
clibrain/Llama-2-13b-ft-instruct-es MMMLU_ES 46.14 47.41 46.17 45.90 44.50
hfl/chinese-llama-2-13b CEVAL 41.83 43.54 41.83 37.59 40.34
nipie/Llama2-MedTuned-13b MedQA 42.18 45.95 4391 42.34 40.85
elyza/ELYZA-japanese-Llama-2-13b-instruct JNLI 55.76 59.16 53.52 52.54 -

for each delta matrix L;. The optimized result can be achieved using where || - ||« denotes the nuclear norm. We define the objective

Singular Value Thresholding (SVT) techniques [3].

The detailed SVT process is described as follows. First, a singular
value decomposition (SVD) is applied to the residual matrix W — B,
yielding W — B = USVT. Next, a thresholding operation is applied
to the singular values in .S, effectively retaining only those exceeding
the value p;. The resulting matrix of thresholded singular values is
denoted as S. Finally, the solution L; is constructed as L; = U SvT.

The entire process is summarized in Algorithm 1. Note that con-
vergence may occur before reaching the maximum iteration count 7'.
Specifically, if the updated matrices B and L1, ..., Lk do not signif-
icantly change between consecutive iterations, we can consider the
algorithm to have converged. In our practical experience, we find that
convergence typically occurs within a small number of iterations.

Moreover, we can claim that the practice of the baseline approach
outlined in Section 3.2 is equivalent to solving a special case of our op-
timization problem 1, given the illustration of SVT techniques. More
precisely, the baseline approach is akin to minimizing the following
objective:

1
min S (SWi = P = Lilli + éil| L) @)
R

where ¢; is implicitly chosen to be the value of the delta matrix
D;. This choice effectively prunes the smaller singular values by ¢;.
In essence, the baseline approach can be viewed as a constrained
instance of our more general optimization framework 1.

3.4  Theoretical analysis

In this section, we provide a rigorous convergence proof and analysis
for the proposed optimization algorithm, based on Block Coordinate
Descent (BCD). Consider the optimization problem:

1 K K
5 D IIWi = B = Lillp + A I Lil-,
i=1

i=1

min
B.{L;}

function as follows:
F(B,L) = f(B,L) +g(L),

with
1 K K
f(B7L)=§Z||Wi—B—Li||%7 g(L) = A > [ILi]l.
i=1 i=1

Lemma 1. For any matrix X = ULV " with singular values
o, the singular value thresholding operator minimizes the function
YIX = V{3 + plI X[l

Proof. This lemma follows directly from Theorem 2.1 in Cai et al.
(2010)[3].

Theorem 1. (Gloabl Convergence) Algorithm I converges to a
global minimum.

Proof. First, observe that F'(B, L) is convex and continuous, en-
suring the existence of a global minimizer. Each iteration of the
algorithm consists of exact minimizations with respect to each block
while keeping others fixed, thus implying a non-increasing sequence
{F(BYW, L)}, Specifically,

F(BYY L0y < p(BW, L) < P(BW L),

Since F(B, L) is bounded below, the sequence F'(B®), L®) must
converge.

Consider any accumulation point (B,L) of the sequence
(B® | L®). By optimality conditions, it satisfies the KKT equations:

K
0€Li— (Wi—B)+ | Lill., 0=KB-> (W;—Li).
i=1
The convexity ensures these conditions characterize the global opti-

mum uniquely in B, guaranteeing that (B ®, L(t)) converges to the
global minimizer. O
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Theorem 2. (Convergence Rate) The sequence {F(B® L))}
converges with a sublinear rate of O(1/t).

Proof. Since F'(B, L) has a Lipschitz continuous gradient in the
variable B with Lipschitz constant K, and the updates for L; are exact
proximal steps of a convex nonsmooth regularizer, standard results
from proximal gradient and coordinate descent methods (Tseng, 2001)
imply:

FBW, LWy - F(B*, L") < %
where C' is a constant dependent on the initial point (B(O)7 L(O))
and the optimal point (B*, L*). Hence, the convergence rate of the
objective function to its global minimum is O(1/t). O

4 Experiment

In this section, we empirically validate our method LoRA Decompose
to demonstrate its effect on memory reduction and the influence on
model accuracy of downstream tasks.

4.1 Setup

Baselines. Our primary baselines are the original fine-tuned models
without decomposition. We also compare with Direct Delta Com-
pressed models, Bitdelta quantized models and 4-bit quantized mod-
els.

Datasets and Models. We benchmark a range of models fine-tuned
based on the Llama-2 pretrained model, each targeting at different
downstream tasks. These include Llama2-chat and Vicuna, and also
some models specifically fine-tuned for tasks in various languages
such as Chinese, Spanish, and Japanese, as well as specialized fields
like medicine and law. Furthermore, we have explored the impact
of varying model parameters within the same domain, examining
configurations like 7B and 13B.

We evaluate different models on different tasks: 5-shot MMLU
for Llama2,I.lama2-chat,Vicuna; 5-shot m_mmlu_es for Spanish
model; 5-shot ceval _valid for Chinese model; 5-shot jnli for
Japanese model; 5-shot medqa_4options for medical model; 5-shot
law_stack_exchange for law model. We mostly use Im-evaluation-
harness to evaluate on these tasks.

We concentrate on evaluation tasks that are highly relevant to task-
specific performance, rather than those related to the model’s general
performance. In our main experiments, all eight models we chose are
collaboratively compressed together.

As shown in Figure 3, we can significantly compress the storage
required compared to storing the full size of all the models.

With the surprising performance on memory reduction, we also
check how these models perform on their downstream tasks. The
result of 7B models is shown in Table 1 and 13B models in Table 2.
We find that our method does quite well on these downstream metrics,
generally better than other compression methods.

We note that our method’s accuracy is better than the original
accuracy. We attribute this to the knowledge gain merged from their
companion models during our compression method.

4.2 Ablation

The effect of number of models To explore how the number of
models K affects the model performance, we design an experiment
to increase K progressively, i.e., the number of models involved in
the collaborative compression.

As shown in Figure 4, we choose Llama2-7B on MMLU task in
the left and MedTuned-7B on MedQA task. As the model number K
increases, there is a general trend that the model gains better accuracy
on their downstream tasks. This further illustrates the phenomenon
that our method’s accuracy may exceed the original accuracy during
our collaborative compression process.

Compression details within models We provide compression de-
tails for each layer of the model. In Figure 5, we choose both Vicuna-
7B model and Vicuna-13B model. Generally, the ranks in FFN layers
are apparently larger than in Attention . They are more difficult to
compress since the size of the matrices is larger and they are less
likely to fall into the low-dimensional structure as their counterparts
in Attention layers.

5 Related Work

Model Fine-tuning. Fine-tuning tailors pretrained models into
dataset specific or task-specific models. The methods of which can be
divided into two categories. Full parameter fine-tuning, the straight-
forward one, involves a lot of computation and memory resources.
Parameter Efficient Fine-tuning aims at reducing the resource burden
while keeping up the model performance.

The challenge of full parameter fine-tuning lies in its nature of high
resource requirements, primarily constrained by memory. [24, 17]
minimize gradient memory footprint.

Parameter Efficient Fine-tuning aims at reducing the memory and
computation resources during fine-tuning. Among many PEFT meth-
ods, LoRA [11] is the most popular one due to it simplicity and
effectiveness. In [7], the authors of LoRA [11] suggests that LoRA
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modules can be added to FEN as well. QLoRA aims at further re-
ducing the fine-tuning resources by trading off the fined-tuned model
accuracy with quantized base model. LoftQ mitigates this accuracy
tradeoff by t, through the view that it would be beneficial to further
bridge the weight deviation gap.

We take the similar point of view by improving the gap comparing
to the baseline, i.e. delta decomposition described in Section 3

Delta Compression BitDelta[14] proposes compressing the delta
weights between fine-tuned and pretrained models using only one-
bit quantization. However, it requires post-training calibration on
representative datasets, which introduces additional computational
overhead and may result in suboptimal generalization across diverse
downstream tasks. Delta-CoMe[19] addresses the accuracy degrada-
tion caused by direct low-rank compression by incorporating auxiliary
low-bit quantization. Despite this improvement, its compression rate
remains limited to 16x. Therefore, achieving both higher compression
ratios and competitive model performance remains an open challenge.

Model Inference. To inference multiple models in parallel, bitdelta
compress the delta weight between pretrained model and finetuned
model into one bit quantization value.

Both SLoRA[22] and Punica[4] foresee the opportunity to effi-
ciently serve multiple LoRA finetuned models at the same time. They
designed custom kernels to pack LoORA matmul computation into one
for multiple models.

LoRA expressiveness In [20], the authors make a comparison be-
tween full parameter fine-tuning and LoRA fine-tuning. Their results
show that LoRA fine-tuning can have similar results with full parame-
ter fine-tuning.

6 Discussion

Conclusion In this paper, we present LoORA Decompose, a novel
multi-model compression framework for discovering the low-rank
structure underlying a set of fine-tuned models. Our work was mo-
tivated by the observation that using a pretrained model as a shared
base for compression might not be optimal. We delved into the anal-
ysis of delta-based compression methods, which led us to formulate
the problem of finding an optimal shared base and low-rank delta
matrices as a constrained optimization problem. We then devised
a simple yet effective block coordinate descent algorithm to solve
this problem. Our approach demonstrates the potential for signifi-
cant model compression while maintaining performance, offering a
promising avenue for efficient deployment of large language models
in resource-constrained environments.

Limitations Our is not a universal compression algorithm that can
both decompose any fine-tuned model into fairly low-rank result and
keep up the accuracy performance. For example, we fail to compress
the codellama 7b model together with the pretrain model llama-2 7b.
Our hypothesis is that this observation is related to fine-tuning dataset.
We think either the size of the fine-tuning dataset or the deviation of
the fine-tuning dataset to the pretraining dataset may influence this
observation. We were unable to conduct such experiments due to the
lack of large scale dataset and the lack of computing resources. This
hypothesis can be done for further research.

Impact In this paper, we justify the user case where multiple model
inference is within reach while there is still lack of research optimizing
this scenario. To date, our work is the first research that targets collab-
oratively compress a set of models. Also, we are inference-friendly
thanks to Punica and SLoRA.
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