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Abstract
Current PEFT methods for LLMs can achieve either high quality, efficient training,
or scalable serving, but not all three simultaneously. To address this limitation, we
investigate sparse fine-tuning and observe a remarkable improvement in generaliza-
tion ability. Utilizing this key insight, we propose a family of Structured Sparse
Fine-Tuning (S2FT) methods for LLMSs, which concurrently achieve state-of-the-
art fine-tuning performance, training efficiency, and inference scalability. S?FT
accomplishes this by “selecting sparsely and computing densely”. It selects a few
heads and channels in the MHA and FFN modules for each Transformer Block,
respectively. Next, it co-permutes weight matrices on both sides of the coupled
structures in LLLMs to connect the selected components in each layer into a dense
submatrix. Finally, S?FT performs in-place gradient updates on all submatrices.
Through theoretical analysis and empirical results, our method prevents overfitting
and forgetting, delivers SOTA performance on both commonsense and arithmetic
reasoning with 4.6% and 1.3% average improvements compared to LoRA, and
outperforms full FT by 11.5% when generalize to various domains after instruction
tuning. By integrating our partial back-propagation algorithm, S?FT saves the fine-
tuning memory up to 3x and improves the latency by 1.5-2.7 x compared to full
FT, while delivering an average 10% improvement over LoRA on both metrics. We
further demonstrate that S?FT can be decoupled into adapters, enabling effective
fusion, fast switch, and efficient parallelism for serving multiple fine-tuned models.

1 Introduction

Recently, Large Language Models (LLMs) have achieved significant success [16, 1, 64]. With these
models being applied in diverse domains, full fine-tuning (FT) is commonly employed to enhance their
downstream capabilities [54, 6, 71]. However, retraining all parameters comes with three drawbacks:
(1) Full FT suffers from catastrophic forgetting, where a model forgets pre-trained knowledge while
acquiring new information [44, 8]. (ii) As the model and dataset sizes grow at scale, full FT becomes
increasingly computation-demanding and memory-intensive [68]. (iii) It is impractical to store and
serve thousands of fine-tuned LLMs on modern GPUs if each requires full parameter storage [77, 58].

Parameter-efficient fine-tuning (PEFT) methods propose to address these bottlenecks by updating a
small fraction of parameters [21]. Rather than merely reducing the number of learnable parameters,
an ideal PEFT method should possess three key properties to be practically effective and efficient:

High Quality: It should exhibit both memorization and generalization capabilities, balancing the
acquisition of new information from fine-tuning tasks with the retention of pre-trained knowledge.

Efficient Training: It should minimize the memory footprint for model gradient and optimization
states, and further translate such memory efficiency into less computation and fine-tuning speedup.

Scalable Serving: It should avoid adding inference overhead when serving a single PEFT model. For
multiple models, new parameters should be partially stored as adapters to save memory, and allows
for effective fusion [75], fast switch [33], and efficient parallelism [58] among thousands of adapters.
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Step 1: Select sparsely with coupled structures
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Figure 1: An Overview of the S2FT Family for LLMs: First, we perform sparse selection of specific
attention heads and channels within the coupled structures of the MHA and FFN modules. Next, we
apply co-permutation to the weight matrices on both sides of these structures, enabling dense gradient
computation only for the selected components. While we demonstrate S>FT by selecting the same
heads/channels on both sides for clarity, our approach also supports asymmetric selection strategies.

However, achieving all the aforementioned goals simultaneously is challenging. Common PEFT
approaches, such as LoRA [27], DoRA [38], and Galore [76], project the model’s weights or gradients
onto a low-rank subspace. While this significantly reduces memory footprint, their performance lags
behind full fine-tuning in most large-scale scenarios. Recent state-of-the-art PEFT methods have
aimed to improve performance but at the cost of serving efficiency. ReFT operates on a frozen base
model and learns task-specific interventions on hidden representations that cannot be merged into the
original model, leading to a 2.2 x increase in inference latency. LISA [48] employs a coarse-grained
selective method by randomly freezing most Transformer blocks during optimization, which requires
significantly more trainable parameters. Consequently, in scaled serving settings like S-LoRA [58],
LISA can only serve at most 1—10 as many fine-tuned models as LoRA under the same memory budget.

Prior to the era of LLMs, PEFT methods based on unstructured sparse fine-tuning (SpFT) have shown
a strong trade-off between low number of parameters and high model performance without sacrificing
serving efficiency [61, 3, 69]. We hypothesize that SpFT, which selectively updates a small subset of
model parameters, can outperform LoRA and its variants in generalization capabilities. In Figure 2,
our findings across various generalization tasks support this hypothesis. However, the unstructured
nature of SpFT necessitates sparse operations in computation, hindering its efficient training and
scalable serving on modern hardware. This makes SpFT less practical for adapting LLMs at scale.

In this work, we propose a family of Structured Sparse Fine-Tuning (S?FT) methods to “select
sparsely and compute densely” (See Figure 1), thereby closing the efficiency gap in SpFT. Inspired by
structured weight pruning techniques [45, 42], we first identify several coupled structures inherent in
LLMs that are connected by intermediate activations. For example, in the multi-head attention (MHA)
module, each attention head in the query, key, and value projections is linked to only a few rows in the
output projection. Similarly, in the feed-forward network (FFN) module, each column in the up and
gate projections corresponds to a single row in the down projection. By co-permuting the matrices on
both sides of these coupled structures, we can preserve the original output of these structures, with
only the order of the intermediate activations changed. Exploiting this property, our S?FT strategically
selects a subset of attention heads for the MHA module and a subset of channels for the FFN module.
We then permute the coupled structures to connect the selected components within each linear layer
into a dense submatrix. Finally, through our partial back-propagation algorithm with only two-line
code modification, S2FT performs in-place gradient updates exclusively for all selected submatrices,
boosting training efficiency by eliminating redundant forward activations and backward calculation.

Through our theoretical analysis, we demonstrate that S2FT mitigates overfitting and forgetting under
distribution shifts. Empirically, S2FT outperforms other PEFT methods on LLaMA and Mistral family
models, improving 1.2-4.1% on commonsense reasoning tasks and 0.6-1.9% on arithmetic reasoning
ones. It also surpasses full FT by 11.5% when generalize to various domains after instruction tuning.

Finally, we conduct a comprehensive analysis to verify the training efficiency and serving scalability of
S2FT. Compared to existing PEFT methods, S?FT not only saves 1.4-3.0x memory, but also increases
latency by 1.5 to 2.7 x, making LLM fine-tuning more accessible. Additionally, S?FT’s parameter
updates can be decomposed into adapters, enabling adapter fusion with smaller performance drop than
LoRA. Our method also results in more scalable and efficient adapter switch and parallelism through
reduced matrix multiplications, showcasing strong potential for large-scale LLM serving scenarios.
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2 Memorization or Generalization?

In this section, we evaluate the memorization and generalization capabilities of various fine-tuning
methods, including full FT, LoRA, and SpFT. We hypothesize that SpFT can generalize better to
downstream tasks. To support this hypothesis, we present detailed observations and analyses. Further
theoretical analysis about the generalization capabilities of the S2FT family can be found in Section 4.

Hypothesis. We hypothesize that SpFT offers superior generalization than both full FT and LoRA,
while maintaining comparable memorization to LoRA with the same number of trainable parameters.

Experimental Setup. We fine-tune the L1ama3-8B on the Math10K data [28] using SpFT, LoRA, and
full FT. In addition to training losses, accuracies are measured on downstream tasks in LLM-Adapters,
including near out-of-distribution (OOD) generalization on both easy (i.e, MultiArith, AddSub,
SingleEq, MAWPS) and hard (i.e, GSM8K, AQuA, SVAMP) arithmetic reasoning tasks, and far
OOD generalization on commonsense reasoning ones. For PEFT methods, we set three ratios of
trainable parameters (p = 10%, 1%, 0.1%) and search for the optimal hyperparameters on the valid
set. In SpFT, trainable parameters are selected randomly with given ratios. See details in Appendix C.
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Figure 2: Accuracy comparison of SpFT, LoRA and Full FT at varying ratios of trainable parameters
in various settings. SpFT exhibits strong generalization ability while full FT excels in memorization.

Observations. Figure 2 indicates several key findings. First, SpFT achieves lower training losses
than LoRA when using the same ratio of trainable parameters, especially at very small ratios. This
gap arises from the more complex optimization process in LoRA, which requires the simultaneous
updating of two matrices [23]. Second, we observe both elevated training loss and reduced average
accuracy on easier math tasks as the ratio decreases, suggesting a positive correlation between memo-
rization abilities and trainable parameters. Notably, with only 10% of the parameters updated, PEFT
methods learn comparable memorization abilities to full FT when trained on a 10k-sample dataset.

When generalizing to complex mathematical problems or commonsense reasoning tasks, the perfor-
mance ranking emerges as: SpFT > Full FT > LoRA. SpFT effectively transfers reasoning abilities
to commonsense domains, while LoRA exhibits significant performance drops in far OOD gener-
alization. This indicates (i) freezing a larger fraction of the parameters can retain more pre-trained
abilities, and (ii) approximating high-dimensional gradients with low-rank decomposition may overfit
fine-tuned data and hinder the model from generalization. Since LLMs are pre-trained on high-quality
data, SpFT emerges as the preferred choice for fine-tuning on task-specific data of varying quality.

3 The S’FT family of methods

While SpFT demonstrates strong generalization ability and good overall performance in Section 2, its
unstructured nature poses challenges for efficient training and scalable serving on modern hardware
(e.g., GPU). This is because of the need for sparse operations when storing and computing weights,
gradients, and optimization states, which are significantly slower than their dense variants on GPU.
This motivates our investigation into structured sparsity approaches that utilize only dense operations:
Can structured sparsity improve hardware efficiency while preserving performance by selecting
sparsely but computing densely? If so, how far can the flexibility of selection be pushed in this context?
To answer this question, we design a family of Structured Sparse Fine-Tuning (S?FT) methods with
dense-only computations, making PEFT effective, efficient and scalable. We begin by discovering the
coupled structure in LLMs in Section 3.1. Leveraging this property, Section 3.2 introduce the selection
and permutation strategies of S2FT, with overall pipeline illustrated in Figure 1b. In Section 3.3, we
present our partial back-propagation algorithm that enables end-to-end training latency reduction.

3.1 Discover Coupled Structures in LLMs

We initiate our pursuit of flexible structured sparsity by examining the coupled structures in LLMs.
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Figure 3: Grouped model weights with basic structure and residual structure. All highlighted weights
must be permuted simultaneously. Residual structures require additional permutation during runtime.

Structure Dependency in LLMs. Inspired by prior work on structured pruning [45, 17], our study
start by building the dependencies between activations and weights for LLMs. Let A denote an
activation and W denote a weight in the model. We define In(A) as the set of parameters that directly
contribute to the computation of A, and Out(A) as the set of parameters that depend on A in the com-
putation of subsequent activations. The dependency between structures can be defined as follows:

Wy € In(A) A Degt (W) =1 = Ais dependent on W, 1)
Wy € Out(A) A Deg™ (Ws) = 1 = W5 is dependent on A )

where Deg™t (W) represents the out-degree of weight 1, and Deg™ (W) represents the in-degree
of weight W5. Each equation represents a unqiue directional dependency between activations and
weights. When both equations hold simultaneously, a coupled structure exists between W3 and W.
In Figure 3, we employ deep linear networks to illustrate two types of coupled structures in LLMs:

Basic Structures: In Figure 3a, these structures exist in both the multi-head attention (MHA) and
feed-forward network (FFN) modules. Taking LLaMA as an example, in the MHA module, we
consider the Query (@), Key (K), and Value (V') projections as W7, and the Output (O) projection
as W, while Softmax(QK ")V () acting as the activation between weight matrices. Similarly, in
the FFN module, the Up (U) and Gate (G) projections function as W7, with the Down (D) projection
corresponding to Ws. Here, U (x) - SwiGLU(G(x)) serves as the activations connecting W; and W.
Residual Structures: In Figure 3b, this type of coupled structures exists between the MHA and FFN
modules. We further consider how residual connections influence the activations in these structures.

Permutation Invariance of Coupled Structures. Figure 3 demonstrates that W; and W5 can be
co-permuted using the same order, which only affects the order of activations between them while
preserving the original output from the coupled structure. Since residual dependencies require an
additional runtime step to permute the residuals, we will focus on basic dependencies in our method.

3.2 Sparse Selection and Permutation

At this point, all coupled structures within the model have been identified. The subsequent sparse
selection and permutation processes are straightforward, with overall pipeline illustrated in Figure 1b.
MHA Module: There are four linear layers in a MHA module: Q, K, V, O € R?*?. For a model with
h attention heads, each head i € [h] has its own projections denoted as ); € R K; € R¥*dn,
V; € R¥dr and O; € R4 >4, where dj, = d/h is the dimension per head. Let Sypa C [h] denotes
a small subset of attention heads. By permuting Syua to the beginning of each weight matrix, we are
able to update these selected heads using dense-only operations, while keeping the other ones frozen.

FFN Module: There are three linear layers in a FEN module: U, G € R**? and D € R***_ In S?FT,
only a few channels of them require gradient updates. Let Sgen C [d] denote the selected channels.
We can permute Sgpn to the beginning of each weight matrix and only fine-tune this compact subset.

Next, we provide several strategies for identifying and selecting important subsets in each module.

1. S?FT-R (S?FT): In this strategy, a subset of channels is randomly selected and set to be trainable.
2. S?FT-W: This variant selects subsets based on the magnitude of activations on a calibration set.
3. S2FT-A: This variant selects subsets based on the magnitude of activations on a calibration set.
4. S®FT-S: Top-K subsets are ranked and selected by the product of weight and activation magnitudes.
5. S?FT-G: This variant selects subsets based on the magnitude of gradients on a calibration set.
Here, 1 and 2 can be directly applied without preprocessing. 3 and 4 only require a forward pass
on a small calibration dataset. While 5 necessitates a backward pass on this dataset, it does not store

optimization states and can mitigate memory footprints for activations through gradient checkpoint-
ing [18]. By default, we use S?FT-R for a fair comparison and discuss other variants in Section 5.4.
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3.3 Partial Back-propagation Algorithm

Finally, we introduce our partial back-propagation algorithm with only two line modifications in
PyTorch. our algorithm stores trainable channels based on their start and end positions, thereby
improving training efficiency by eliminating redundant forward activations and backward calculations.

def setup_context(ctx, inputs, output):
activation, weight, bias, start, end = inputs
# only save partial input tensors for gradient calculation in forward
ctx.save_for_backward(activation[:, start:end], weight, bias, start, end)

def gradient_update(parameter, gradient, start, end):
# only modify the assigned positions of weight matrices during optimization
parameter[:, start:end].add_(gradient)

4 Theoretical Analysis

In this section, we theoretically explore why S?FT demonstrates stronger generalization capabilities
compared to LoRA. We consider a pre-trained L-layer deep linear networks, which has been widely
used to facilitate the theoretical analysis of complex DNNs [57, 30, 43, 22, 34, 5]. Let fP"®(z) :=
WECWP® | ... WPz be the pre-trained deep linear network, where W}™ € Ré*de-1_ with dy = p
and dj, = g. We fine-tune the ¢-th layer with low-rankness level r < min{dy, ds—1} or sparsity level
%J . Denote a class of adaptation with parameters U € R%*4 and V' € R4¢-1%4 g

- —=pre

frov (@) =W (W)™ + UV WPz, 3)
where W, := WE“WP® .. WJ™ € R4t and W == WPWJE L W™ € R with
Wh* =1, and W, =1 4 In a transformer-based LLM, each row of W, can represents either the
parameters in a single head for the MHA module or that in a single channel for the FFN module.

Given n observations (z; @ yfl)) RP x RY, we fine-tune fP* by minimizing the empirical risk

RS)(sz,U,v) = (1/n) X ||yZ — fe, UV( )||2 via gradient descent. For LoRA, we train both
low-rank matrices (U, V) i 1n Equation (3) with d < r. For S?FT, we train only V in Equation (3)

with d < s and fixed U < US'FT := [e,: €ay; .- - ; €a. ], Which specifies s rows to fine-tune, where
S={a1,...,as} C[d] and €q 18 the a-th standard basis. Motivated from the results that gradient
descent has implicit regularization [74, 19, 5], we directly consider the minimum norm solutions.

s=|r-

We consider a multiple linear regression setting. Assume that the in-distribution training data (z(®,
y) € RP*4 and out-of-distribution test data (z(°), y(®)) € RP* are generated i.i.d. according to

y*) = B®g®) 4 ) ke (i, 0},

where B(¥) € R7%? js the coefﬁgient matrlx 2(¥) and €*) are mean zero sub-Gaussian signal and
noise with covariance matrices >, ’ and Z respectlvely The generalization capacity is measured
by the fine-tuned model’s excess risk £(f) := E[||y®) — f(2(?))[|?] — infp E[||y© — £/ (z()|?].

For these OOD data, LoRA suffers from forgetting, while S2FT can maintain pre-training knowledge.
Assumption 4.1 (Distribution Shift). Assume that ZS) = 2;0) = Y, for some X, € RP*P and

(o US T (W, US T B — BO)S/2 |2 < 20 (f7) for some & > 0.

Assumption 4.1 states that while the covariate distribution remains unchanged, the label distribution
conditioned on covariates may shift, but not exceeding a factor of €2 of the OOD risk of fP. This
holds for fine-tuning with proper channel selection, where primarily the output distribution is changed.

Theorem 4.2 (Out-of-distribution Excess Risk, Informal). Suppose Assumption 4.1 holds. Consider

pre

n — oo. If BY = Wi, BOWY® holds for some BV € R¥%*de-1 and s < rank(chi)), then,
5(0)(fe,Ug2FT,vs%T) < (143620 (fP), 5(0)(fz,UL°RA,vL°RA) > (B — BO)si/2 .

Theorem 4.2 indicates that the OOD risk of S2FT is bounded above by that of fP*, while that of
LoRA is bounded below by the label shift magnitude. If fP* already has low risk for OOD tasks, and
the label shift is significant, S?FT is expected to outperform LoRA. Essentially, when the OOD task
deviates significantly from the FT distribution, LoORA may forget the pre-trained knowledge and overfit
to the FT data, compromising its generalization capabilities. See formal statements in Theorem E.8.




5 Experiments

In this section, we conduct a series of experiments across three diverse benchmarks covering more
than 20 datasets. Our goal is to provide a rich picture of how S2FT performs in different scenarios.
Here, we compare our method with different fine-tuning strategies and categories including: (i) Full
fine-tuning (FT), (ii) reparameterized fine-tuning: LoRA [27], DoRA [38], and Galore [76], (iii)
adapter-based fine-tuning: Series Adapter [26], Parallel Adapter [24], and LoReFT [67], (iv) prompt-
based fine-tuning: Prefix-Tuning [36], (V) sparse fine-tuning: LISA [48]. For a fair comparison, we
keep a comparable number of trainable parameters in S?FT to that of LoRA. The design choices for
trainable parameter allocations in S2FT will be detailed in Section 5.4. All other hyperparameters are
selected via cross-validation. Detailed setups and baseline descriptions are provided in Appendix D.

5.1 Commonsense Reasoning

Dataset Descriptions. The commonsense reasoning dataset comprise eight subsets: BoolQ [12],
PIQA [9], SocialQA [56], HellaSwag [73], WinoGrande [55], ARC-challenge [13], ARC-easy [13],
and OpenbookQA [46]. Following the experimental setup of LLM-Adapters [28], we split each
dataset into training and test sets. Subsequently, we combine the training data from all eight tasks
into a single fine-tuning dataset and evaluate performance on the individual test dataset for each task.

Results. Table 1 showcases that S2FT consistently outperforms existing PEFT methods across the
LLaMA-7B/13B, LLaMA2-7B and LLaMA3-8B models. When compared to LoRA and DoRA, it achieves
average performance gains of 4.6% and 2.8%, respectively. Additionally, S2FT also demonstrates
superior performance against recent approaches including Galore, LoReFT, and LISA, with accuracy
improvements of at least 1.0%. Remarkably, despite using less than 1% of trainable parameters, our
method surpasses full FT by 0.5%. The 3.0% improvement observed on the LLaMA3-8B suggests that
maintaining most pre-trained parameters frozen enables better generalization to test distributions.

Table 1: Comparison among various fine-tuning methods for the LLaMA-7B/13B, LLaMA2-7B, and
LLaMA3-8B models on eight commonsense reasoning tasks. Non-PEFT methods are marked in
(': from DoRA paper, 2: from ReFT paper, 3: reproduced by us, *: projected trainable parameters)

Model Method # Param(%) BoolQ PIQA SIQA HellaSwag Wino ARC-e ARC-c OBQA Avg. 1
Prefix [36]' 0.11 643 768 739 42.1 72.1 729 540 60.6 64.6
Series [26]" 0.99 63.0 792 763 67.9 757 745 571 724 708
Parallel [24]' 3.54 679 764 78.8 69.8 789 737 573 752 722
LLaMA-7B LoRA [27]° 0.83 69.2 81.7 784 83.4 80.8 79.0 624 784 76.7
DoRA [38] 0.84 68.5 829 79.6 84.8 80.8 814 658 81.0 78.1
Galore [76]* 0.83" 68.6 79.0 785 84.7 80.1 803 621 773 763
LoReFT [67]* 0.03 69.3 844 803 93.1 842 832 682 789 80.2
LISA [48]° 991 704 82.1 787 92.4 829 849 702 784 80.0
S?FT (Ours) 0.81 72.7 83.7 79.6 934 835 86.1 722 834 81.8
Prefix [36]' 0.03 653 754 72.1 55.2 686 79.5 629 68.0 684
Series [26]" 0.80 71.8 83.0 79.2 88.1 824 825 673 81.8 795
LLaMA-13B Parallel [24]1! 2.39 72.5 849 79.8 92.1 847 842 712 824 8l4
LoRA [27]' 0.67 72.1 835 805 90.5 837 828 683 824 805
DoRA [38] 0.68 724 849 815 92.4 842 842 696 828 815
LoReFT [67]* 0.03 72.1 863 81.8 95.1 872 862 737 842 833
S?FT (Ours) 0.65 742 857 80.7 94.9 864 884 763 87.8 843
LLaMA2-7B LoRA [27]]l 0.83 69.8 799 795 83.6 826 79.8 647 810 776
DoRA [38] 0.84 71.8 837 76.0 89.1 826 837 682 824 797
S?FT (Ours) 0.81 729 86.1 80.2 94.3 855 872 746 834 83.0
LLaMA3-8B LoRA [27]1] 0.70 70.8 852 79.7 92.5 849 889 787 844 825
DoRA [38] 0.71 746 893 799 95.5 856 90.5 804 858 852

S?FT (Ours) 0.70 75.0 89.0 80.7 96.5 880 925 834 878 86.6




Table 2: Comparison among various fine-tuning methods for different models on seven math reasoning
tasks. Non-PEFT methods are marked in . (! from LLM-Adapters paper, >: reproduced by us)

Model Method # Param(%) MultiArith GSMSK AddSub AQuA SingleEq SVAMP MAWPS Avg. 1
Prefix [36]" 0.11 63.2 24.4 570 142 553 38.1 634  45.1
Series [26]" 0.99 92.8 333 80.0 150  83.5 523 777 621
LLaMA-7B  parallel [24]' 3.54 94.5 353 86.6  18.1 86.0 49.6 824 646
LoRA [27] 0.83 98.0 40.0 912 217  93.1 56.7 853  69.7
DoRA [38]° 0.84 97.3 38.9 89.6 224 939 58.4 853  69.4
S?FT (Ours)  0.81 98.8 41.3 914 213 935 58.4 86.1  70.1
Prefix [36]" 0.03 722 31.1 560 157  62.8 414 66.8  49.4
Series [26]' 0.80 93.0 44.0 80.5 220  87.6 50.8 786 652
LLaMA-13B parallel [24]" 2.89 94.3 433 830 205  89.6 55.7 81.1 668
LoRA [27] 0.67 97.5 47.8 89.9 205 943 61.2 874 712
DoRA [38]? 0.68 97.2 48.1 90.6 209 939 63.8 882 718
S?FT (Ours)  0.65 97.7 48.4 904 228 955 63.9 87.8 724
LLaMA2.7B LORA [27]22 0.83 97.5 44.0 912 209  94.1 59.2 857 704
DoRA [38] 0.84 98.2 43.8 90.1 244 945 59.1 89.1 713
S?FT (Ours)  0.81 98.5 443 911 252 947 61.8 882 720
LLaMA3.gp LORA [27]22 0.70 99.5 61.6 927 256 963 73.8 90.8 772
DoRA [38] 0.71 98.8 62.7 922 268 969 74.0 912 775
S?FT (Ours)  0.70 99.7 65.8 937 315 978 76.0 924  79.6

5.2 Arithmetic Reasoning

Dataset Descriptions. We followed Hu et al. [28] and evaluated S2FT on seven math reasoning tasks,
including MultiArith [53], GSMS8K [14], AddSub [25], AQuA [37], SingleEq [31], SVAMP [50]
and MAWPS [32]. Our fine-tuning employed the Math10K dataset [28], which combines training
sets from GSM8K, MAWPS, and AQuA, augmented with LM-generated chain-of-thought steps.
Therefore, these three tasks are considered ID, while the remaining four are classified as OOD tasks.

Results. As showcased in Table 2, S?FT consistently outperforms other PEFT methods for different
models. On average, it achieves improvements of 1.3% and 0.9% over LoRA and DoRA, respectively.
These results highlight the versatility and effectiveness of our approach across a diverse range of
tasks. Additionally, we observe substantial improvements even when compared to Full FT for the
LLaMA3-8B model, particularly on complex tasks such as GSM8K and AQuA. This suggests that
S2FT better preserves the original reasoning capabilities of this stronger model while acquiring new
skills from the fine-tuning data, thereby validating the enhanced generalization ability of our method.

5.3 Instruction Following

Dataset Descriptions. To further showcase S2FT’s superior generalization ability, we employ the
instruction-following fine-tuning task with Alpaca GPT-4 dataset, which comprises 52k samples gen-
erated by GPT-4 [2] based on inputs from Alpaca [63]. Performance is measured on MT-Bench [78],
featuring 80 high-quality, multi-turn questions designed to assess LLMs on eight different aspects.

Results. Table 3 offers a comprehensive evaluation of Full FT, LoRA, LISA, and S2FT across various
tasks in the MT-Bench benchmark, including Writing, Roleplay, Reasoning, Code, Math, Extraction,
STEM, and Humanities. It is observed that S2FT > LISA > Full FT > LoRA/Galore > Vanilla for
both Mistral-7B and LLama2-7B. This is because sparse FT methods like S?FT and LISA retain
more pre-trained knowledge while acquiring new skills on the FT dataset, thereby generalizing better
to diverse tasks in MT-Bench. Moreover, our method outperforms LISA due to its fine-grained and
flexible selection strategy, enabling all layers to learn to follow instructions on the full fine-tuning set.

5.4 Design Choices for Trainable Parameter Allocations
Finally, we detail how S2FT distribute trainable parameters across layers, modules, and channels.
Uniform across Layers: Following Chen et al. [10], we allocate parameters to each layer uniformly.



Table 3: Performance comparison of LLM fine-tuning methods trained on the Alpaca GPT-4 dataset.
We report the MT-Bench score as the evaluation metric. All baseline results are cited from LISA [48].

Model Method Writing Roleplay Reasoning Code Math Extraction STEM Humanities Avg. 1
Vanilla 5.25 3.20 4.50 1.60 2.70 6.50 6.17 4.65 4.32
Full FT 5.50 445 5.45 2.50 3.25 5.78 4.75 545 4.64

Mistral-7B LoRA 5.30 4.40 4.65 235 3.30 5.50 5.55 4.30 4.41
Galore 5.05 5.27 4.45 1.70 2.50 5.21 5.52 5.20 4.36
LISA 6.84 3.65 5.45 220 275 5.65 5.95 6.35 4.85
S?FT (Ours) 6.95 4.40 5.50 2.70 3.55 5.95 6.35 6.75 5.27
Vanilla 2.75 4.40 2.80 1.55 1.80 3.20 5.25 4.60 3.29
Full FT 5.55 6.45 3.60 1.75 2.00 4.70 6.45 7.50 4.75
LoRA 6.30 5.65 4.05 1.60 1.45 4.17 6.20 6.20 4.45

LLaMA2B Galore 560 640 320 125 195 505 657 700 463
LISA 6.55 6.90 3.45 1.60 2.16 4.50 6.75 7.65 4.94

S?FT (Ours)  6.75 6.60 4.15 1.65 1.85 4.75 7.45 8.38 5.20

Fine-tune Important Modules: Figure 4 analyzes the effectiveness of different components in a
LLaMA-like Transformer Block for fine-tuning, including Query, Key, Value, Output, Up, Gate, and
Down projections. To ensure a fair comparison, we maintain a fixed number of trainable parameters
when fine-tuning each component. The results show that the effectiveness of components in fine-
tuning follows the order: Query/Key < Value/Up/Gate < Output/Down. This is because Query/Key
are only used to measure token similarities, while others serve as persistent memories of training data.
Based on this finding, we allocate our parameter budget fairly to the Output and Down projections.
For the LLama3-8B and Mistral-7B models, we only fine-tune the Down projection due to the
inflexible selection in multi-query attention. Further analysis of this setting is left for future research.

Query Key Value Output Up Gate Down
100

80

60

BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c QBQA

Figure 4: The impact of different components in fine-tuning, including Query, Key, Value, Output, Up,
Gate, and Down projection. We fix the trainable parameter budget and only fine-tune one component.

Table 4: Comparison of various channel selection strategies on the commonsense and arithmetic
reasoning datasets for the LLama3-8B. We report the average accuracy (%) as the evaluation metric.

2 2 2 2
Task S?FT-R S°FT-W S°FT-A S°FT-S S°FT-G
Large Small Large Small Large Small Large Small
Commonsense 86.6 85907 853 84.7 87307  85.1 87206 854 86.2.0.4)
Arithmetic 79.6 78.4 78.4 77.1 80.0:04) 76.8 79802 778 79.5¢0.1)

Selection across Channels: In Section 3.2, we discuss several strategies for channel selection. In our
main experiments, we employ random selection to ensure fair comparisons with baseline methods,
as these approaches treat all channels with equal importance. However, the sparse structure of S?FT
offers controllability during fine-tuning, allowing us to prioritize important channels in the selection
process to further boost performance. Table 4 compared nine different strategies, incorporating five
varying selection metrics (i.e., random, weight, activation, weight-activation product, and gradient),
each choosing either the largest or smallest values. For S?FT-A, S2FT-S, and S?FT-G, we employ
1% of the fine-tuning data as a calibration set, introducing only negligible overhead during inference.

Our results demonstrate that random selection serves as a strong baseline due to its unbiased nature.
Among heuristic metrics, selecting channels with the smallest activations (i.e., S2FT-A and S?FT-S)
outperforms random selection. This indicates that these channels contain less task-specific informa-
tion, enabling us to inject new knowledge through fine-tuning while preserving pre-trained capabilities

in other channels. In contrast, other strategies introduce bias that compromises model performance.
Notably, the counterintuitive accuracy decrease in S2FT-G (Large) suggests that channels with large
gradients contain task-related pre-trained knowledge, and modifying them will disrupt these abilities.
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6 Analysis

Having demonstrated the strong generalization capability and overall performance of S?FT, we now
further explore its training efficiency and serving scalability compared to other fine-tuning techniques.

6.1 Training Efficiency

To evaluate training efficiency, we examine two crucial metrics: peak memory footprint and average
training latency. These numbers are measured on a single Nvidia A100 (80G) SXM GPU. We keep a
comparable number of parameters for all methods. To obtain the average latency, we fine-tune the
model for 50 runs, each run including 200 iterations, with 10 warmup runs excluded in measurement.

S2FT(Ours) LoRA DoRA LISA LoReFT Galore Full FT
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Figure 5: Comparison of memory and computation efficiency during training on the LLaMA2-7B/13B
with varying sequence lengths and batch sizes. Average latency and peak memory usage are reported.
S2FT significantly improves training latency while reducing memory footprint compared to baselines.

In Figure 5, we thoughtfully profile S>FT on various model sizes, sequence lengths, and batch sizes.
Compared to Full FT, S?FT saves 1.4-3.0x memory, and speedups fine-tuning by 1.5-2.7 times.
When benchmarked against other PEFT methods, S2FT establishes new standards for efficiency,
offering average reductions of 2% in memory usage and 9% in latency. Notably, S?FT outperforms
the widely adopted LoRA, achieving about 10% improvement in both matrics by avoiding the need
to store new parameters and perform additional calculations. Our partial back-propagation algorithm
further improves efficiency by saving unnecessary forward activations and backward calculations.

6.2 Serving Scalability

While S?FT avoids additional inference overhead for a single fine-tuned model through in-place
gradient updates, we will now discuss its scalability for serving thousands of fine-tuned models. To
begin, we introduce the unmerged computation paradigm of S2FT: Given a pre-trained weight matrix
Wwerre € REXF and its corresponding fine-tuned weight matrix W with sparsity level s, we define the
weight difference as AW = W —WP', Similar to Section 4, AT can be decomposed into the product
of a weight matrix V' € R¥** and a permutation matrix U € R%**, This decomposition allows us to
“unmerge” an adapter AW = UV T from W, thereby sharing similarities with other adapters during
inference. Following Zhong et al. [79], we consider three different adapter composition scenarios:

Adapter Fusion. To combine knowledge from multiple trained adapters, we employ weighted fusion
when fine-tuning is impractical due to limited data access or computational resources. However, this
approach degrades performance. In Table 5, we compare the effectiveness of LoORA and S?FT when
combining adapters trained separately on commonsense and arithmetic reasoning tasks, where we
consider both fine-tuning overlapped and non-overlapped parameters for different adapters in S2FT.
Our results show that S?FT with non-overlapped parameters achieves the best performance, while the
overlapped variant shows inferior results. This is because S2FT (non-overlap) modifies orthogonal
low-rank spaces for different tasks. Similarly, LoRA largely retains task-specific capabilities during
adapter fusion by optimizing low-rank projection matrices to create separate spaces for each adapter.

Table 5: Adapter Fusion Results for LoRA and S?FT trained on the commonsense and arithmetic
reasoning datasets using the LLama3-8B. We report the average accuracy (%) as the evaluation metric.

LoRA S?FT
Task
Commonsense  Arithmetic Fused Commonsense  Arithmetic ~ Fused (overlap)  Fused (non-overlap)
Commonsense 83.1 79.8(:3.3) 86.6 82.0 84.02.6)
Arithmetic 77.2 71.6(,5_(‘) 79.6 72.2 753043
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Figure 6: Comparison of latency for adapter switch and parallelism on a single linear layer. S2FT
improves scalability for switch on GPU and CPU, while saving 22% time during parallelism on GPU.

Adapter Switch. Another way to leveraging multiple adapters is to dynamically switch between them.
This process involves four steps: unfusing the old adapter, unloading it from memory, loading the new
adapter, and fusing it into the model. In such setting, LoRA needs two matrix multiplications (matmul)
and two additions (add) on GPU whereas S?FT only requires two sparse addition (scatter_add). In
Figure 6a, we increase the base weight dimension while maintaining a sparsity of 32 for S2FT and a
low-rankness of 16 for LoRA. Notably, we observe that LoRA’s switching time scales quadratically,
while S?FT remains nearly constant. Moreover, in I/O-constrained scenarios such as deployment on
CPU, S?FT further accelerates adapter switch by only updating a small fraction of the original weights,
reducing the volume of I/O transfers, as time compared between scatter_add and add in Figure 6b.

Adapter Parallelism. To serve thousands of adapters in parallel, we decompose the computation into
separate batched computations for W?"¢ and AW following S-LoRA [58]. While LoRA requires
two matmul and one add on GPU, S2FT reduces this to a matmul, an add, and either a scatter or
gather for Wy and W5 in Section 3.1. Figure 6¢ shows that S?FT achieves up to 22% faster inference
than LoRA under the same memory constraints, with more speedup as the number of adapters scales.

7 Related Work

PEFT methods reduce the fine-tuning cost for large models, which can be categorized into 4 groups:

Adapter-based Fine-tuning introduces additional trainable module into the original model. Series
Adapters insert components between MHA or FFN layers [51, 26], while parallel adapters add
modules alongside existing components [24]. Recently, ReFT [67] was introduced to directly learn
interventions on hidden representations. However, they introduce additional latency during inference.

Prompt-based Fine-tuning adds randomly-initialized soft tokens to the input (usually as a prefix)
and train their embeddings while freezing the model weights [36, 40, 35]. These approaches result in
poor performance compared to other groups, while come at the cost of significant inference overhead.

Reparameterized Fine-tuning utilizes low-rank projections to reduce trainable parameters while
allowing operations with high-dimensional matrices. LORA[27] and its recent variants like DoORA[38],
AsyLoRA [80], and FLoRA [59], use low-rank matrices to approximate additive weight updates
during training. To alleviate the limitations of low-rank structure, other work also add or multiply
orthogonal matrices to enable high-rank updating, including MoRA [29], OFT [52], and BOFT [39].
These methods require no additional inference cost as the weight updates can be merged into models.

Sparse Fine-tuning aims to reduce the number of fine-tuned parameters by selecting a subset of
pre-trained parameters that are critical to downstream tasks while discarding unimportant ones. This
kind of methods are commonly used in the pre-LLM era [20, 72, 62]. However, they cannot reduce
the memory footprints due to their unstructured nature. Recent approaches address this limitation
through three directions: (1) developing structured variants that sacrifice selection flexibility for better
hardware efficiency [48, 81], (2) incorporating sparsity into LoRA [66, 15, 41] but yield limited
efficiency gains, or (3) using sparse operators for lower memory cost but slow down training [4, 49, 7].

Our work is based on the last category but achieving better performance and efficiency simultaneously.
Additionally, we focus on scalable inference of PEFT methods, with S?FT being the only approach
that enables effective fusion, rapid switching, and efficient parallelism when serving multiple adapters.

8 Conclusion

This paper introduces S2FT, a novel PEFT family that simultaneously achieves high quality, efficient
training, and scalable serving for LLM fine-tuning. S?FT accomplishes this by selecting sparsely
and compute densely. It selects a subset of heads and channels to be trainable for the MHA and FFN
modules, respectively. The weight matrices from the two sides of the coupled structures in LLMs are
co-permuted to connect the selected components into dense matrices, and only these parameters are
updated using dense operations. We hope S?FT can be considered as a successor to LoRA for PEFT.
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A Limitations

While our work demonstrates the effectiveness of S?FT for LLM fine-tuning, several promising
directions remain unexplored. First, extending S?FT to other architectures with coupled structures,
such as CNNs and RNNs, can broaden its applicability. Second, verifying our approach beyond
language tasks, particularly in large vision/multi-modal models, will enhance its versatility. Third,
exploring more selection strategies can provide deeper insights into optimal fine-tuning protocols due
to S?FT’s controllability. Finally, although our work confirms the feasibility of scalable deployment,
developing a practical and efficient serving system for SFT remains an important next step.

B Broader Impacts

Since our work focuses on PEFT, it leads to a reduction in hardware resource and energy consumption.
Given the growing adoption of LLMs across diverse domains and the corresponding surge in fine-
tuning demands, S?FT should represent an important step toward more sustainable Al development.

C Detailed Experimental Setups for Section 2

In this study, we use SpFT, LoRA, and Full FT to fine-tune the LLaMA-3-8B model on Math10K
dataset [28] for 3 epochs. The Math10K dataset combines training sets from GSM8K [14],
MAWPS [32], and AQuA [37], augmented with language model-generated chain-of-thought steps.
We train the model for 3 epochs with a batch size of 64. For both PEFT methods—SpFT and LoRA-we
tune with three ratios of trainable parameters (p) in each linear layer: 10%, 1%, and 0.1%. We evalu-
ate the model’s performance on both arithmetic and commonsense reasoning tasks, representing near
out-of-distribution (OOD) and far OOD generalization scenarios, respectively. The arithmetic tasks
comprise seven subtasks: MultiArith [53], GSM8K [14], AddSub [25], AQuA [37], SingleEq [31],
SVAMP [50], and MAWPS [32]. The commonsense reasoning evaluation includes eight subtasks:
BoolQ [12], PIQA [9], SocialQA [56], HellaSwag [73], WinoGrande [55], ARC-challenge [13],
ARC-easy [13], and OpenbookQA [46]. Based on task complexity within arithmetic reasoning,
we categorize MultiArith, AddSub, SingleEq, and MAWPS as easy subtasks, while the remaining
arithmetic tasks are classified as hard subtasks.

D Detailed Experimental Setups and Hyperparamters for Section 5

The detailed selection strategies and number of trainable parameters are presented in Section 5.
Additional hyperparameter configurations for all tasks are provided in Table 6. We maintain the same
hyperparameter settings across the LLaMA-7B, LLaMA-13B, LLaMA2-7B, and LLaMA3-8B models.

Table 6: Hyperparameter configurations of S?FT on various base models across three tasks.

Hyperparameters Commonsense Reasoning Arithmetic Reasoning Instruction Following

Optimizer AdamW AdamW AdamW
LR 2e-4 le-3 2e-5
LR Scheduler linear linear cosine
Batch size 16x4 16 x4 16 x4
Warmup Steps 100 100 0
Epochs 3 3 1

E Proofs for Theoretical Results in Section 4
Here we provide proofs for the results in Section 4.

E.1 Notation

For a vector a, let ||a|| be the ¢5 norm of a. For di > ds, denote a set of orthogonal matrices
by Og, .4, := {R € R#"*% : RTR = I, }. For a matrix A € R%*%_ let ||Al|r and ||Al|op
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be the Frobenius norm and spectral norm of A, respectively. Denote the condition number of
Aby k. (A) := || Allop/Ac(A). Let AT be Moore-Penrose inverse of A. For a symmetric matrix A,
denote its effective rank by r.(A) := tr(A)/||Allop. Note that r.(A) < rank(A) always holds.
For a,b € R, we let a V b := max(a,b) and a A b := min(a,b). For a matrix A € R%*% Jet
SVD,.(A) := &, (A)A,.(A), (A) be the top-r singular value decomposition of A, where ®,.(A) €
Qg, » and ¥,.(A) € Oy, , are top-r left and right singular vectors of A, respectively, and A, (A) =
diag()\l (A),..., A (A)) € R™*" is a diagonal matrix of singular values of A, where \;(A) denotes
the j-th 1argest smgular value of A. Define ®,.(A) := Pani(a)(A4) and W, (A) := W, ,n04)(A) as
the left and right singular vectors of A corresponding to non-zero singular values, respectively. Define
the smallest positive singular value of A as A\.(A4) = Aank(a )(A) and let A, (A) = Avank(a)(A).

For a deep learning model fine-tuned on n i.i.d. samples (z Zl), y( ) C RP x RY, we say an event F

occurs with high probability when P(F) = 1 — exp(—Q(log*(n + p + q))).

E.2 Setup

We consider multivariate regression task. Using n i.i.d. samples (x(l),yf] ) C RP x RY from

in-distribution task, we fine-tune a pre-trained network fP* : RP — RY for better prediction.

Deep Linear Networks We consider deep linear networks of the form x — Wy Wp_; ... Wiz :
R? — RP, where W, € R%*%-1 with d; = gand dy = p. In comparison to multi-head
attention transformers, each row of W, can be viewed as corresponding to the parameters in a single
head. Let fP®(z) = WPWP, .. .WP z : RP — RY represent a pre-trained neural network.

We denote Wy = WPWP® .. WP ¢ Réxde—1 a5 the weights up to the (-th layer, and
WO o= WPEWP™, ... W™ € R4 a5 the weights above the (-th layer, with the promise that

I/VprC = I. Deep linear networks have been widely used to facilitate the theoretical analysis of
modern complex deep neural networks [57, 30, 43, 22, 34, 5].

Fine-Tuning We employ /5 distance as the error metric. Given a pre-trained network fP*, we fine-
tune its ¢-th layer by minimizing the empirical in-distribution risk RY (f) = (1/n) Xiem ||y§1) -
f (xgi))||2, where (z (-),y(l)) C R? x R? are n i.i.d. observations from in-distribution task. More
specifically, we consider a class of rank-d adaptation defined as

pre

feoy (@) =W, (W + UV WS, 4)

where U € R%“*? and V € R%-1*4 are parameters to fine-tune. Note that by regarding multiple
consecutive layers as a single layer, our settings can be extended to multi-layer fine-tuning.

We specifically compare two fine-tuning methods: LoRA and S?FT.

* LoRA. For a fixed ¢ € [L], and low-rankness level 1 < r < min{dy,d;—1}, we train the low-
rank matrices (U, V') in (4) by minimizing the empirical in-distribution risk via gradient descent.
Motivated from the previous results that gradient descent has implicit regularization [74, 19, 5], we
directly consider the minimum norm solutions:

(UWORA YLORAY  argmin ||(U, V)||2 s.t. (U, V) minimizes R (fr.0v). (5)
UV
* S2FT. For a fixed ¢ € [L], and a sparsity level s = |7 - %J , we train only V' in (4) with the

ﬁxed choice of U + USFT = [e,,; €az} - - -} €a, ], Which specifies s channels to fine-tune, where

={ay,a9,...,as} C [dg] Here e, is the standard basis vector with the a-th entry being 1. We
minimize the empirical in-distribution risk via gradient descent. Similar to LoRA, we consider the
following minimum norm solution:

VST = argmin V|2 s.t. V minimizes RO (f, sz ,,)- (6)
Vv Vg

Data Generating Process As a simplification of the data generating process, we consider multiple
linear regression. Assume that the in-distribution data (), () € RP* and out-of-distribution data

17



(2(®),y(©)) € RPT4 are generated according to

y*) = BWz®) L (B e (i, 0}, (7)
where B(®) € R9*P, and ¢*) € RY is the error term satisfying E[e(*)|z(F)] = 0. Assume that
M = E[e® ) T] € R7%4 exists and E[2(*)] = 0. The signal covariance matrix is denoted by
2® = Ez® 20 T] € RP¥P,

We define the in-distribution and out-of-distribution risks of f : R? — R? as:
RW(f) =E[ly™ — f@™)l), k€ {i,o}.

For notational brevity, we can write W = W8 € R2*P, Let X® := (2 2{)) e Rpxn,
Y® .= (yil), e ,yy(;)) € R and EW = (¢ @ (1)) y® — BOX® ¢ RI*", Denote the
in-distribution sample covariance matrices by 2() (1/m)XOXxOT 30 .= (1/n) EOEOT,
20 = 1/n)xXOEOT 20 = 50T Define ) = (XOT)TEOT, A= (e SO pweeTy/2,
A= W SOWEDY @ i 0,705, 9 = @ (WIS, D = B0 — W,
D := BO —wre 4 £ Also define M := &' T DSV W] At and M = &7 DEPWEeT AT,
Let U/ := U, (A), and G(' ° (WpreE(')1/2)TWpreE(°)1/2 be a matrix that captures the covariate
shift at the ¢-th layer.
We consider fine-tuning the ¢-th (¢ € [L]) layer of the pre-trained deep linear network fP*(z) =
WP WPy using in-distribution observations (2", y{ ))ie[n].
To measure the performance of models, we define the excess risks of f for the task & € {i, 0} as
EW(f) :=E[lly™ — f(=™))?] - i}{.l,fE[Hy(k) = f1@M)7,

where the infimum is taken over all square integrable functions.

E.3 Assumptions

We assume that EEZES )MZI_CI # 0, since otherwise W)™ 2 = 0 almost surely and fine-tuning
the /-th layer does not improve the performance of pre- tralned model Define the in-distribution pre-

diction residuals for pre-trained model fP™ by Z?) = E[(BOg® —ypreg0)(BO (0 —pp7pre ()77,

Note that £0 (fPe) = tr (E?)). We also assume that ||ZJ§3)||Op > 0. Since otherwise £ (fP) =

HE?) |2 = 0 and there is no room for improvement from pre-trained model.

We introduce several assumptions.

Assumption E.1 (Sub-Gaussianity). Assume that there exist some constants c¢;, c2 € (0, 00) such
that (2, €) in the model 7 satisfies

ISPy > allyTe7,, and TS0y > eofly eV,
for any v € R? and v € RP, where ||y||, is the sub-Gaussian norm defined as
ylly, = inf{v > 0« Elexp(y®/v?)] < 2}

for a random variable y taking values in R.

Assumption E.2 (Sufficiently Many Observations). Assume that
n>> (KH(A)re(A%) + w2 (ED)re(20) + re(DEP D)) log?(n + d + p),
w(r (D) + 7. (A%)) log?(n + d + p)
ISP DTy ’

and

re(E) (re (V) + ro(20))
re(A2)

n> k2(20) log?(n +d + p).
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Assumption E.3 (Eigengap Condition). Assume that there exists some constant C; > 0 such that
A (@ TDEPWEeT A)

— -t . <

A(@TDEP W ALY — A4 (@ T DRV WEeT AT) ~

holds.
Assumption E.3 is necessary to identify the rank-s approximation of M, which is used to derive the
risk of LoRA.

Assumption E.4 (Approximate Sparsity of Heads). Assume that there exists some Sy C [d¢] with
|So| < s and § > 0 such that

pre

Yo llea W) T(BY —wre)sPV2)12 < 62| (W) T (BY — wre) S22
a€lde]\So
holds.
Assumption E.5 (Distribution Shift). Assume that E( D E(o) ¥, for some ¥, € R?*? and that
@] (Wh USF) (B — BO)SL/2|2 < £2£0)(f7°) for some & > 0.
Assumption E.6 (Condition Number). Assume that x..(M) < 1, m*(ngl) <1, m*(Z?)) < 1and
A (WP S WEE) S 1

Note that Assumption E.6 is not essential to our analysis.

E.4 Main Results

We first demonstrate that LoRA and S2FT exhibit comparable memorization abilities. Next, we
present a formal restatement of 4.2 that combine Theorems E.10, E.11, E.13, E.15, and Lemma E.14.

Theorem E.7. Suppose that Assumptions E.1, E.2, E.3, E4, and E.6 hold. Choose S such that
S D Sy holds. Let UXRA | VIORA be the LoRA adaptation matrices defined in (5). Let VST pe the
S?FT adaptation matrices given UgQFT defined in (6). Then, for all sufficiently large n, the following
holds with probability 1 — exp(fQ(logQ(n +d+ p))) foranyn > 0,

g(i)(fg_’ngFT’VSQPT) S (1 + n)(TbslasFr) + (1 + 7’] )(Tvsarlljlplll‘ce)Qa

EW (fo v yiomn) < (14 0)(Tyiee)? + (1 + 0~ ) (Tafinee) s

where
0 < (Tyaf)? = V(M) < (TdT)? = V(M) S 626D (fm),
2 ; i sdg_11og*(n +p+q)
(Toanee)” S (IZE op + 55 lop) === ,
d¢ +dp-1)log’(n+p+q)

, oy or(
(T8 S (15 op + 155 o) .

Theorem E.8 (Restatement of Theorem 4.2). Consider the limit n — oo. Suppose that Assump-
tion E.5 holds. Let UXRA VLRA pe the LoRA adaptation matrices defined in (15). Let VST pe
—pre

the S2FT adaptation matrices given U§2FT defined in (25). If BW =Wy BVVEW1 holds for some
B ¢ Rdexde-1 gpd s < rank(Zgj)), then,

8(0) (fg)ngFT,VSQFT) S (1 + 362)5(0) (fpre)’
EO(frprma yroa) > [[(B©) — BO)ZL/2IE.
Intuition of the proof of Theorem E.8. LoRA forgets pre-trained tasks due to its model complexity.
Consider the simplest low-rank adaptation to a single-layer linear network:
Ay € argmin E[ly® — (WP + AD2® 2.

Al eR4 0
rank(A})=s

19



Assume that 3.\ = I, then we can show that the solution is A; = SVD,(B®W — WP*). Under the
condition that the rank of B/ — WP is smaller than, or comparable to s, LoRA fine-tuned model can
learn the in-distribution best regressor in £5 sense, since (WP + A1)z ~ BVz = E[yW |z = 2].
Hence it makes LoRA fine-tuned model vlunerable to distribution shift.

On the other hand, we model S?FT as fine-tuning only a few heads:

A € arg min JE[Hy(i) — (W + A’l)x(i)||2].
Al =Y acs eawI,vaeRdO

Although S?FT is a special case of LoRA, the constraint on the direction of low-rank matrix prevents
overfitting to the in-distribution task. To see this, note that a sparse fine-tuned model can be written as

(WP + Ay) prex—i-g Cal, Wz = E eaeIWfrex—i-g eaeIB(i)m,
a€S a€esSe a€es

where S C [d;] is a set of channels/heads with cardinality s. Since sparse fine-tuned model keeps
parameters from the pre-trained model, except for rows specified by S, the model less forget pre-
training tasks. O

E.5 Proofs for LoORA

E.5.1 Excess Risk of LoORA

Lemma E.9 (Excess Risk). Consider the minimum norm solution

(ULoRA7 VLoRA) € argmind (U, V)||§ s.t. (U, V) minimizes Rg)(ff,U,v).
(U,V)G]RdeszR —1Xs

Then, the low-rank adaptation matrix satisfies

——=pre pre pre

PLRAVLIRAT _ (G sy, (TS, (7%, ) DSOWST At AT,
and

pre

g<k><ff,wmym>—tr<(3<k>wvre SV (W (W05 ) DEOWT AN At ) £

pre

N on e A T
: (B(k) — WP —SVD, (Wifrfl(Wm) DZQ)WETIAT)ATEEZ) >

fork € {i,o}.

Proof of Lemma E.9. The empirical risk of fy 1,y for the in-distribution task can be written as

R (frow) = = 30 NBO —we)a® 4 ) WIS, oy Twee 0]
" i)

= tr((BO — W — Wi, UV TS SO (BY — Wi T ovTwEe,)T)
+ 2tr((B(i) — e szlevaz)ig;) + tr(igi))

— (VTS SOWE VU W)
— 2t (Wi UV W, {SO(BY —we)T 150, 1)
+ tr((B(i) —wrey SO (B — WP“’)T) + 2tr((B(i> - vae)igg;) + tr(ip)

3
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Since 5%, = 5O(xOTY pOT = $O50_

Rﬁg)(fg,U,V):tr(AVUTWEﬂWErlevTA) 72tr(W5f1UVTAATW‘"e s DT>

2tr(W§‘j1UVT(I — AAHwEe 50 p )
+tr(DiS>DT) + 2tr<D2g?E) + tr( 1))
= Wi UVTA - DEPWES AT — |DSPWE) AT
+tr(DSODT) + 260(DEY, ) + 1 (50), ©)
where we used (I — AAD)WP™® 29)1/2 = 0. From (9), minimizing Rg) feu.v) is equivalent to
-1 U,

minimizing the norm:

W

——=pre pre pre

P UVT A DSOWT A2 = [WhS,Uv T A - W, (WS, )t DSO W] At
—5pre ,——pre re T 4
(I = W, (W) DER W) AT|I2.
This is minimized by (U’, V') satisfying
U'V'T = (W) SVD (W, (Wi, ) DS W) AT AT
——=pre

+ (I = (W)W )AL+ As(1 — 99T, (10)

where A;, Ay € R9Xde=1 are arbitrary matrices. Since we particularly consider the minimum norm
solution, we must have A; = 0 and Ay = 0. Hence

WPrelULoRAVLoRATWpre _ SVD (Wzi(ng)Tﬁig)wzr_eIAT)ATﬂfl

Therefore, the excess risk for k& € {i, 0} becomes

T 2
EF(fruoma yrom) = E [(B< () — WL (WP 4 ULRAVLRAT i (1)) }

= tr((B“” — WP~ SVD (W), (W) DSOWET AT ATwpe, ) o

pre

P P T
- (BU) — W — SVD, (W, (Wi, DS W] AN ATwie, ) )
This concludes the proof. O

E.5.2 In-distribution Excess Risk of LoRA

Let £0( Ju) denote the excess risk of fP® after fine-tuning all the parameters of the ¢-th layer under
population in-distribution risk.

Theorem E.10 (Restatement of Theorem E.7: LoRA Part). Suppose that Assumptions E.1, E.2 and
E.3 hold. Then, the following holds with probability 1 — exp(—Q(log2 (n+d+p))). Foranyn >0,

ED(fepmomn yiom) < (14 0)(Tal)? + (14 0~ ) (L),

where
) HTy _ i ) )
(T&ZFA) < % (rank(szL’ D ) 5) Hz(Dz(xl)DT)g(l)(fpre) + ‘5'(1)(‘]0{@11)7 (11)

rank(DEV DT)

s(ro (@ TSV ) 4 1.(A2)) log?(n + d + p)
n

(Titiimee)” S C2R2(M)||IZP lopr (A)

variance

+ Ok (M) [ DEP DT lop
n

Note that the first term on the right hand side of (11) depends on the rank of residual matrix
E(fl) = DSWDT. It becomes zero when rank(Egﬁ)) < s and small when s/ rank(E(f')) ~ 1.
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Proof of Theorem E.10. Let WIEORA = W‘Zjl ULoRAY/LORAT Brom Lemma E.9, we have
ED (fenomn yiumn) = tr((D = W™ W 2O (D - W™ Wi )T)
—LoRA

= (W, AATWS, — D)sOV2IE,

where we used (I — AAT)EErleS)l/z = 0. From Lemma E.9

W, %A = SVD, (W, (W) T DSOWeeT AT AT A,
This gives
(W5 AT — DYSOV2||p < ||(W, " A — SVD,(Whs, (Wh ) DSOWEeT At)) AT o™ 5501/2
+ISVDL (Wi, (W) DR Wi Ah ATwhe, 501/2 — pp(t/2||,

__. mLoRA LoRA
- Tvariance + Tbias .

LoRA LoRA
We bound T, 254 . and T;;°°" separately.

Bound TL°RA _ For the term TLORA since AT W WeeT At — At 4241,

—>pre  —pre —5pre

TLoRe . = SVD(Why, (Wi, DESD W AN ATA — SVD, (Wi, (W) DEO W] AT AT Al

variance
Therefore,

Tite < ISVDo(Wis, (Wi T DEPWI | AT ATA — SVD, (Wi, (W, ) DEO W] AT AT Al

e he
+[ISVD, (Wit (Wit DEOWEET AT)(ATA — AT A)|

__. mLoRA LoRA
- Tvariance71 + Tvariance,27

We first bound T).28%.. . From Lemma F.1 and Assumption E.3, we have

T\kl?i}zzlﬁce,l < ||SVDS(M) - SVDS(M)HF
As (M)

)‘S(M) - >‘s+1(M)

< KHM)CVs||M = M||op,

< w(M) VM — Moy

where M = Wiy (Wi )TDSPWET At and M = Wiy, (Wi )T DSP W AT, From
Lemma F.3,

M = M|op < [|@TDEPWY] — & T DED W lop| AT[fop
i re | n
+ IDZOWET opl| AT — ATl

S ||zs>352m<.4>¢ (re(®TE0P) + re(A2)) log® (n +d + p)

n

(re(®TDSY DT + r.(A2))log?(n + d + p)
n

+ IIDES)DTII%QK*(A)\/

4 JA) [re(A2)log?(n+d + p)
Dz(l) pre T . K ( e
+ || x mﬁfl H P)\*(A) n

S ”29)552“*(A)\/(T8(®'T2£])q”) +7(A2))log® (n + d + p)
n

D) pT (172, | FEA)r(@TDEY DT@) + ki(A)re(4%)) log*(n +d + p)
+ =YD -
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holds on the event F, where we used [|[ DS W] |, < | DD/

TLoRA C’n( )HZ(I)||1/2 (A )\/s(re(CI)/TZEi)q)/)+re(A2))log2(n+d+p)

[lop | Allop- Hence

variance,1 ~o
n

n

_ 2(A & TpYW pT e 404 A2)) log?
+cgm2(M)|ng>DT||3,1{2\/S(“*( Jre( @ DR D) e A)re(AT) log (n + A p)

Next we bound 7'°

varlance 2°

re T
TLRA o < VSIDEDWE lopll AT lopl| AT — AT lop ]| Allop

variance,2
A Jore(42) log?(n +d + p)
PN (A) n

Again from Lemma F.3,

< IDEOV | O]

_ |ng)1/2||op/fi(A)\/Sr6(A2) log2(n +d+p)

n
holds on the event F. Therefore,

TLORA < O (M )G ”1/2 (A )\/S(Te((I)/TEEi)(I)/)+7”6(A2))10g2(n+d+p)

variance ~o
n

s(K2(A)r (@ TDSY DT + k6(A)r, (A2)) log?(n + d + p)
n

+ G (M)| DS DT ||§£2\/
(12)
hold with high probability.

Bound 7:°RA,  Note that

(Tyiaf™)? = |SVD, (M) ATWE® =012 — DEOT2|2
= || SVD,(M)ATW}= £0V? — @' T DD W] (A7) e 2OV |7

=T,
i i re T I\ i
+ || DEWOV(1 — nOVREe L (A% T 012 |12
=:T>
+(1(I - @' T)DSOWEe ] (A%)TWwhe sO1/2 |2

where the second equality follows f;cf;l the fact that cross terms are zero, i.e.,
tr(MTy) = te(BTy) = w(TT7) = 0 since U, (WE°, =PV wT (whre, nO?)
SOyl g2yt w02 gnd
(I = )8, (SVD,(M)) = 0, Wi, SOV2(1 - w, (Wi, sOV2)w] (W, 501/%)) = o
hold. Thus from Lemma E.17,
(Tyer)? = [ISVD, (@' T DRDWE [ AT) — o' T DEOWIe M2 + €O (). (13)

Notice that
ISVD,(9'®' T DRO WP AT) — &'&'T DED WP AT|2
< {0V (rank(®'®'T DO WE | AY) — )} @' T DSOW T AT|2,
< {0V (rank(®'®'T DO W] AY) — 5)} | DRD/2)2)
0 Y (rank(DZ(l)DT) —5)

rank(DE( )1/2)
where the last inequality follows since

KZ(DEPDTED(fPr), (14)

rank(DZS)l/Q)

H1/2)12 (1)1/2y12 (1)1/2yy2 H1/2y —

IDEOY2)3,
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Euﬁlm%ly Fote that for any i > 0, (TESRA  + TEORA)2 < (14 1) (TERA)? + (14 1/n) (TERA )2
olds. ererore,

ED(frvroma yoma) < (1+m)(Toet™)? + (1477 ) (Tidime)*-
Combined with (12), (13), and (14), this concludes the proof. O]
E.5.3 Out-of-distribution Excess Risk of LoORA

We define the low-rank matrix obtained by LoRA under population in-distribution risk as

(ULORA YLORAY ¢ arg min ||(U, V|2 s.t. (U, V) minimizes RD (fr.p.v). (15)
\%

s

Theorem E.11 (Restatement of Theorem E.8: LoRA Part). For (ULRA VLORA) defined in (15)
EO(fr g vim) S [[(T = @S T)BOTOV22 4 ||(B®) — BOYSOV2 2612,
FBE W) (S = S0V
n ov (rank(DZS)DT) —s
rank(DSY DT)

) 2(D2O DT G892, £0 (7).

Furthermore, for any n € (0,1),
. 2 .
EO (fy v vigma) = (1= )| (B = BORE2| — 30071 — 1)|(1 - '@ ) BOSE2|
F
=3t = D[(BY — W) (/2 - 501262

10V (rank(DEYDT) — s

) 2 () T (i.o) .
- Ky DEII D G o 6(1) fpre )
rank(DEY D) ( MG lopE™ ()

—-3(n" -
(16)

Proof of Theorem E.11. With a slight modification to the proof of Lemma E.9, it follows that

pre

E) (fr i viom) = tr((B<°> — WP — SVD,(Wyf, (W) DR W] AN AW, ) =)
T T H T T T
(B = W = SVD, (VL (V) DE e AN aTwEe,) )
= H(B<°> — ey n©1/2 SVDS(@'@TDEQEETIAT)ATM;‘;E;OW?HQ.
F
(17)
Recall that M := &'’ T DL WE™T AT, Then,
(B — wre)n1/2 - svD, (@/@T DEOWEST AT ATWES 2012
whe We, S|
S H(B(O) _ Wpre)zgo)l/Q _ (D/(D/TDZS)EETI(AQ)TEIZIE12;O)1/2HF
+ ||MATW‘“ n©1/2 _SVD, (M) AT 5012
_ H TP 2(0)1/2 (I,/TDE(wm/z(Wzre12(1)1/2)Twzre12(o)1/2H
YV o x LA S/ x F
AT B0V — SVD (M) ATWS SO,
<1 = '@ T)BOSEY | + |00 T (B — BOYOV2GE) |
+ 9/ (BO — W) (£ — SOV2GE)
+ [ MATWEE 5O — SVD, (M) AT 502
< 17 = @@ T)BOSO2 e + | (B — BO)SOV2 |G o
+[[(BC) — wre) (212 — SOV || + | M — SVD,(M)|[e]| AT, SO2] o,
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where we used &' ®'TWP* = WP From (14), we have
{EO (fo v yima) 12 < (I = @' T)BOSOV2 g+ [|(BO) — BO)YSOV2 |6 GE)lop
+I(B© — wre) (212 - sOV2GE)) |

0V (rank(DEg)DT) —5)
rank(DEg)l/z)

G oprn (DEDDT) g ( frre),

where we used || ATIWE™ 512 = [|GS)||op- This gives the first claim.

Using 2tr(ABT) > —n||A||2 — (1/n)||B||2 for any n > 0 and any matrices A, B of the same shape,
(17) can be rewritten as

5(0)(f€,UggRA,VDLo°RA) _ H(B(o) ~ BOYR@L2 (1 _ ¢/e'T)(BH — pyrreys(©)L/2
=Ty

+ &' T (B(l) N Wpre)<2;0)1/2 _ 2(11)1/2Gg101))

=:T5

+ MATWE n1/2 SVDS(M)ATEQ‘QE;OWQHE

::T3
. 2 .
= H(B<°> - B<l>)2§;>1/2H 42 tr((B<°> — BOYS©OV2(T 4T, 4 Tg)T)
F
+ ||y + To + T3
R 2
> (1=n)|(BO = BV s -y )+ T4 TR a8)

Choose 7 € (0,1). By a similar argument as above, and using ®'®’T TP = VP, we can show that
Ty + T + T3l < 3||TulfE + 3l| 27 + 3|1 757
<3)|(1 = @' ") BOSE2| 4 3]|(BY — wre)(n(01/2 — 2012619 |2
Y (rank(DZY'DT) — s)

i (i,0) ;
rank(DE01/2) K2(DSD DTG [ opED (£7),

where we used (14) again. This concludes the proof. O

E.6 Proofs for Structured Sparse Fine-tuning

E.6.1 Excess Risk of Structured Sparse Fine-tuning

Lemma E.12 (Excess Risk). Given S C [d¢], consider the minimum norm solution
S2FT . 2 e i
1% € arg min VN2 s.t. V minimizes R (f€7ngFr7v).
VeRte—1%s

Then, the low-rank adaptation matrix satisﬁes
US FTVSQFTT _ U (WZ:US FT)TDZ()WPreT(AT) (19)
and

——=pre

EW(f, yrn ) tr((B(k) — e T USTE U DS O W T (Af)?2 ngjl)z;@
2 P ~ T
. (B(k) — Wpre _ WPI‘E US FT(leflUg FT)TDES)EEIEI(AT)2EET/1> >
fork € {i,o}.
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g..gﬂ

Proof. Since f]fcke) = (1/n)X®EFT and sk = (1/n)X® X ®ET " we have
f];k)(X(k)T)TE("’)T D34S ;2 Similar to (9), we have

RO, peer ) = Wi U TV A = DEQWYE | AT — | DEO W] AT
+tr (Df}g>DT> + 2tr (Dz(’} ) +tr (igi)).
Thus minimizing R( )( f ) ST V) is equivalent to minimizing the norm
Vg )

W USTTVT A — DsOwee! At)2 (20)
= |WH USTVTA - Wi U™ (Wi us ™ DEO W T A2

re re i reT 7
+ (1 = (WL, US ™ (W5, U8 ™ DSO W] AT|2.

pre

By the same argument as in the proof of Lemma E.9, the minimum norm solution VS°FT s obtained
by

VSIFT _ (AT) Wpre Z(I)DT(US FTTWIZi—lr)
The excess risk for k € {i, 0} becomes

T T 2 2 " 2
ED(f, yrr o) = E [(B““ — WL (WP + US TSI W o)) }

pre

= tr((B““) — WP W US T (W, US T DS W] (AT, )
A R T
. (B(k) — WP WZ::US2FT(WPE ngFT)TDES)EErfI (AT)QE{EI) )
This concludes the proof. O

E.6.2 In-distribution Excess Risk of Structured Sparse Fine-tuning

Theorem E.13 (Restatement of Theorem E.7: S2FT Part). Suppose that Assumptions E.1 and E.2 hold.
Fix S C [d¢] with |S| = s. Then, the following holds with probability 1 —exp(—Q(log*(n + d + p))).
For any n > 0,

EW(f, st yster) < (L 1) (TS + (1417 (THELL)?,

where TS'FT > TLoRA 4

bias bias
(TSM)? < (9T — dLd%T) D, (DSDV/2)|2 €0 () 4 €0 (ffom), 1)
i s(ro(@LTSVDL) + 1, (A2)) log?(n + d + p)
(TSFT )2 S 129 |opr2(A) g 5 -
s(k2(A)re (LT DIY DTOY) + £8(A)re(A2)) log?(n + d + p)

+[DEDDT .

Note that the term ||(®'®'T — <1>’S’<1>gT)cI>*(DZS)1/2)Hop in (21) measures the distance between
subspaces spanned by ®’ and ®% in a label space, weighted by @*(E?)). In high level, this quantity

shows the closeness between the /-th layer full fine-tuning and S?FT. It takes small values when the
important ‘heads’ for residual prediction are sparsely distributed among all heads. This aligns with
the intuition that S?FT only selectively fine-tunes small number of coordinates, and thus relying on
the information contained in those coordinates.

Proof of Theorem E.13. By the same argument as in the proof of Theorem E.10 combined with
Lemma E.12, we have

pre

2 2 .
EVf, psorm ) = (W US TTVSTTTAATWES) — DS,
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and
(Wi, USTTVSTIT A4t whe | — D)ysOV2||
< W USTT (Wt US TN (DSOWET (A2)F — DO W] (42)1) Allg
—5pre

+ W US T (W, US T DSO W™ (42)twhe 5012 - peiL/2|;

xT
_. TstT + TstT

variance bias
2 2
We bound 75 FT “and T3 I'T separately.
Bound TS.FT . Note that
2 —=pre 2 ——r 2 A (i ~ ——pre 2 ———pr 2 i
Tostanee = W US (Wi, US ™I DSOWEE T (AT A = WL, US T (W5, US ™) DEO W T AT
— 2 — 2 . r — 2 — 2 A& T
< |Win US T (Wi U ™) DR WL AT - Wi, Ug (Wi, US ™) DEO WS T AT
Tr5pre 2ET T7Pre 2 A(i reT /7
+ HWZHUS‘ FT(WKHUg FT)TDE;)EEA ((AT)? — (AN)*) Al
2 2
= Tvsariljxl;ce,l + Tvsariljrl;ce,?
For the term Tf;gcml , using Lemma F.3,
2 i re T Ay (i re T
T\/SariFal'Ece,l < 2\/§||(I){S/TDE;)EE_61 - (I)gTngc)wIé—el HOPHATHOP
nT s (1) g0 2 2
5 |Z£l)||(1)l{2[{*(A)\/s(r8(¢S Ee @S) + Te(A )) log (n + d +p)
n

s(re(d)gTDZg)DT(I)g) + 1ro(A2))log?(n + d + p)
n

DT 1/2
+ [ DEPDT g m(A)\/
holds on the event F, where the first inequality follows since the term inside the norm is at most

rank-2s. Again from Lemma F.3,

. PN A
Tistnce2 < V32T DEOWIT o[ (AT)? — (AT lop | Allo

variance,2

. . oy K2(A) [sro(A2)log?(n +d +
5||Dz£;>1/2||op||z§;>1/2W2_I||opA§A§\/ L) ntdtp)

2
_ HDZgn/z”OpHi(A)\/sre(A2) log®(n+d+p)

n

holds on the event F. Therefore,

TSFT < 2012, (A)\/S(Te(‘bgzg)q’ié) +7e(A?))log?(n + d + p)
e llop *

variance ~o
n

N HDZ(ODTHW\/ s(K2(A)ro(PETDEY DT ®) + K8(A)re(A2)) log (n + d + p)
x op

n
(22)
Bound 75.FT. By the same argument as in the proof of Theorem E. 10,
(577 = | @5ET DR W] AT — /@ T DROWET L AT + €0 (77 23)
< (24T — @' T)@. (DEDV?) |3 IDEP W AT + €O (£
= [|(@525" — @'2" "), (DEDV2)|2,D () + €V (i), 24)

where we used ||DES)EETIAT||§ < ||DEP?)2 = EO(fF). We can verify TS.FT > TLRA py

comparing (13) and (23), since SVD4(d'®’ TDZQ)EZI_CIAT) is the best rank-s approximation of
o'®'T DT W AT and 40T DXV W] AT is at most rank-s.
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Summary Note that for any > 0, (TSET 4 TSFT)2 < (1 4-)(TSFT)2 4 (141 /) (TSET )2

variance bias bias variance
holds. Thus
ED(f, ppen yorer) < (14 M) (T8 + (1 17 ) (TSER)?
Combined with (22) and (24), this concludes the proof. ]

Next we characterize the bias terms T)=°RA and T.FT under sparsity assumption.

Lemma E.14. Suppose that Assumption E.4 holds. Then, for a sparse fine-tuned network with the
choice S D So, it follows that

pre

ED(FIM) < Tyl < (Tgad™)? < ED(FIM) + 8242 (Wit )ED (7).

Proof. Note that @g@gT is a projection into a subspace, which is contained in a subspace projected
by ®'®'T. Thus
@4t DEO WP AT — o'e T DRO W AT|12
= l(@5e4" — 1)@’ T DYWL AT
pre pre i re T

= [(@5PE" — Wy, (Wepy) ' DEOWYE) AT2
(@ 1)
( 1)

=

Wé+1((l UstFUg?FTT)+USZFTU52FTT)(W )TDZ(l)WpreTAT||2
pre 2 2 pre i re T
= |(@§®¢" — W, (I - U U FT)(Weyy) ' DEP WS AT,

neE!T
Sq)S

pre

where the last equality follows since (®4®%" — )W,y USFT = 0 by definition of &% =
@, (W, USFT). Thus
||(I)/l (I)//TDz(l)w]zlf—erT _ /‘I)/TDz(i)WpreTAT”%
< [WEE 12,017 = USTTUST) (W)  DEOV2 02w [ at)2,
pre re T pre i
= [IWea IS0 2R ATIS, Y lleq (Wiky) DSV
a€[dg\S
pre pre i
< 8 Wiia ol (Weiy ) TDEDT2| 2
< R (Wer ) I DO,

where the second inequality follows from ||ZS)1/ 2&%?/“ lop < 1, Assumption E.4 and S D Sp.
The conclusion follows from (13) and (23). O]

E.6.3 Out-of-distribution Excess Risk of Structured Sparse Fine-tuning

Given S C [d¢] with |S| = s, we define the low-rank adaptation matrix obtained by S?FT under
population in-distribution risk as
VT = argmin V]2 s.t. V minimizes RO(f, g2 ). (25)
v sUsg ™

Theorem E.15 (Restatement of Theorem E.8: S2FT Part). Fix S C [dy] with |S| = s. For VS FT
defined in (25),
01, ysi) < EO(17) 4 30487 (B — 5O
+ SHB ( n©)1/2 _ E(i)l/QG(i70))||2
JrSHWpre Wzrelz(o 1/2 Wpre 2(1 1/2G(10)H2

[y

Remark E.16. If there is no covariate shift, i.e., 25;) = Eé) = >, for some X, Theorem E.15
further gives the bound
EOfy ysern o) < EO (M) + 3] @50ET (B — BO)/2|;

+3|BULYA(1 — (W, /%) Wi 53/%)) |12
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Proof of Theorem E.15. With a slight modification to Lemma E.12, we obtain
EOS, ysten yrr) = tr((B(” - WP T US T US T DR W (AT, )=
) (B(O) e _ Wpre UstT(Wpre USZFT)TDEQ)WpreT(AT) Wpre )T>

= || B — Wy~ sgarT Dr@wrT (anwe s
= (1 — 9Ty (BO - w22
+ ||(bg(bgT{(B(o) _ Wpre)EJ(CO)l/Q _ DZg)l/Q(Eﬁflzg)l/Z)TE}erlEg)l/Q}Hi,

=T
where we used S0 2T (A2 P w012 — (e w02yt e 5012 Note that
||T||F H(I)”(I)”T{B(O)Zgo)lm _ B(i)Zg)1/2(Ezr_elzgﬁi)lm)’rwzr_elz(zo)l/?}||F
+ H(I)//(I)//TWPTE{WEr_elzch)I/Z _ EETIES)I/Z(wgrjlzg)l/Z)ngfjlzgo)l/2}||F
+[@ayT B0 - SOUGE)|
T ([ @Le I (e mO12 e SO
Therefore,
5(°)(fe,ngpT’V§3m) = (I = @57 (B — W) SOV R+ ||| 3
< EO () 4 3| dLBLT (B — BO)s1/2|2
+ 3|\B(i)(2(°)1/2 _ g(i)l/QG(lfl))”g

+3[WEE 2 Wi £O12 e sO1/2G00)|2

where we used x + y + z < 322 4 3y? + 3z2. This concludes the proof. O

E.7 Proofs for Full Fine-tuning

——=pre

Define fi*(z) = W, (WP + AW, 2 as a fine-tuned network with full fine-tuning applied
to the ¢-th layer, evaluated under the population in-distribution risk, where Ag“” is obtained by

o N2
AM e argmin E[(B(l)x(l) WE“ (Wfre+A’)wgr_elz(‘)) }

AreR¥Xde—1

Lemma E.17 (In-distribution Excess Risk). For f&U it holds that

i ul i i re T T i
ED (M) = | DEDVA(I — sPVEWE ) (A% T 0V2)|2
+ (1 = ') DEPWE] (A% W SOV R,
Proof of Lemma E.17. Similar to the proof of Theorem E.10, we have
. ; H =5 Pr Te re i 2
EOM) = min, B[ (B0 - WIS+ Awpa0) ]
= _min |DSOVE T AW B0V,
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and
—=pre

|IDEWY2 W AW 5

x

22 = | Wy, AWD® 20V — ¢/'9' T DROW T AT |2 (26)

::Tl
+ || DRV (1 — nO2he (A% e n01/2) |12

=:T5
+]| (I —@'® ") DSOWET (A%) W, 5022,

=:T3
where we used the fact that the inner products tr(T17y ) = tr(TxTy ) = tr(T37}") = 0. By

—pre

choosing A = (WEH)TDEE)EET’IAT for example, the term T} becomes 0. Thus

EV(fM) = | DSPVA(I — SPVRWEE] (A% W, SOV}

+ (7 — @@ T DEPWET] (A7) WP SOV
This gives the desired result. O
We obtain the following corollary as a direct consequence of Lemma E.17.
Corollary E.18. For f' it holds that
EV(FIM) < WL (DEDY2)(I = SOV (A W 50Y2) 0p O (£7)
+ (1 = @' )2, (DEDY)||op D (7). 27)

The first term on the right hand side of (27) measures the distance between two subspaces spanned

by V., (ng‘”/ 2) and U, (wzr_elES )/ 2). Intuitively speaking, this quantifies the information coded
at the /-th layer, and the necessary information to predict residuals. Thus, it bounds the maximum
improvement by the ¢-th layer fine-tuning. The second term measures the subspace distance between
the subspace where prediction residuals reside, and the subspace predictable by the ¢-th layer fine-
tuning.

F Auxiliary Results for Proofs

Lemma F.1. Fix s,d;,dy € NT. Forany A,B € R1*% if |B — Allop < ||Allop and As(A) >
As+1(A4) hold, then,

ISVDs(B) — SVD(A)||r S K2(A)

) = rorr Ay (VEIB — Al AIB = Alle).

Proof. By triangle inequality,

ISVD,(B) — SVD,(A) [ = [|25(B)®, (B)B — ®5(A)®, (A)Al|r
< |2:(B)2] (B)(B — A)llr + [ (2s(B)®, (B) — D(A) @] (A))Allr
< \/§||B - A”Op + ”(I)S(B)QI(B) - (I)‘S(A)(I)I(A)HFHAHOP'

Using Davis-Kahan theorem (Theorem 4 from [70]), and Lemma 2.6 from [11],

< 6v2[ Allop(v/5]1B = Allop A || B = Alle)

|@(B)®] (B) — ®,(A)@] (A)|r < N2(A) =22, (A)

Thus
113 A2(4)
D, (B) — SVD,(A)|[r < op s B— A, -
ISVDL(B) = VDLl S 338 57y (VBB = Alup A 1B = Al)
IAl1% As(4)
B —Allop A ||B — .
This concludes the proof. O
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We cite the concentration inequality for cross-covariance matrices from [47].

Lemma F.2 (Proposition 9.1 from [47]). Let Z and 7 be mean zero random vectors taking values in
R and R, respectively. Denote covariance matrices of Z and Z by ¥z and ¥ 5, respectively. Fix
any t > 0. Assume that there exist constants cy,co > 0 such that

V' 22y 2 ally 215, and TSy > el T2, (28)
holds for any v € R% and v' € R%. Choose n > (1.(Xz) Are(35))(t + log(dy + d2)). Let

(Z;, Zi)ie[n] be n independent copies of (Z, Z). Then, there exists a constant C' = C(cy, ¢3) > 0
such that with probability at least 1 — e~ ¢,

(re(X2) + Te(zz)(t + log(dy + d2))

1 _ -
~ Y. zz] —-EBzZ7)| < C||Zz|§;{2|22||§§2\/
i€[n] op
hold.

Note that if a random variable Z taking values in R satisfies v Xz > ¢|ly" Z||7, for any v € R?
with some con/stant ¢ > 0, AZ also satisfies 7' X4z > cHﬂy’TAZHf,}2 for any v/ € R? and any
matrix A € R *? and arbitrary d’ € N*, where £ 4, = AL AT,

We then prove the following lemma to show the existance of a ‘good’ high probability event to bound
multiple inequalities.

Lemma F.3. Suppose that Assumptions E.1 and E.2 hold. Fix any S C [dy]. Then, there exists an
event F withP(F) =1 — exp(—Q(log2 (n+ d+ p))) such that on the event F, for ® € {®', &},

12T DEDWE] lop S IDZD2lopll Allops AT lop S 1A lops (29)
and
2 2 2
AN _ A2Vt < ki (A) [re(A?)log”™(n+d+p)
. (A?)log?

||A—A||op5mi<A>|A||opw( e e 61)

X 2)log?(n +d + p)

Tt < Ki(A) [7.(A?)log p
AT = ATlop S (A - (32)

hold. Furthermore,
18T (DEPY? — DEDV2)WEE] 0p

) Ty () 2 2
5 |2£1)”é[{2”"4”0p\/(re(q) Ye (I)) +Te(;;1 ))log (n+d+p)

+[DSP DT
n

Ty pT 2 2
1£2||A||Op\/(re(® DXy’ DT®) + r.(A2))log”(n 4+ d + p) (33)

holds on the event F.
Proof. We only prove for ® = ®' without loss of generality. Before proving Lemma F.3, we first
derive several concentration inequalities. Assumption E.2 implies

n > ro(A?) log?(n +d + p),

n > r.(S0) log?(n + d + p),

n>> (ro(SD) Aro(20)) log?(n + d + p),

n>> (ro(®T S0 ®) Ar(A%)) log®(n + d + p),

n > (ro(® "DV DT®) Ar.(A2))log?(n + d + p).
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Using Lemma F.2, we obtain

n re (i re T T i re T
||A2 - A2||0p = ||w§f12;>mg_el - EEE1E;)EEE1 ||op

r.(A2)log?(n + d +
< ||A||§p\/ e(4%)log (n+d+p) (34)
n
and
. . ) (i) (i) 2
159, lop < ||z£'>|éf|z§;>|if¢ (re(2e) + re(Zz)) log”(n+d +p) 35)
n
. . X (i) 2
159 — 50l 5 ||z§;)|ep\/ Tolfs Jog ntdt+p) (6)
&G i i re i Te q’TEEi)@ + 7o (A2)) log?(n + d +
H¢ffz£;<zﬁ2>*z;>vvz_I(Op:5n§i>|;§2|A¢opx/( (@ 2e®) xrBlog nrdp) )

‘ <||D2(i>D \|1/2||A|| p\/( (2 DD D) + re(A?))log®(n + d + p)
~ T op 0]
op

|oTDEY - sOwreT -

(38)

with high probability. Hereafter we only focus on the event 7 where these inequalities hold. We
divide the proof into 2 parts.

Part 1. In this part we derive (30), (31) and (32). Note that || A% — A?[lop < A(A?)/2 holds on

the event F since n >> k%(A)r.(A2)log?(n + d + p) by Assumption E.2, and hence rank(A?) =
rank(A?). Using Theorem 5.2 from [60],

" N -1 "
(AT = (A%)llop (| Ru(AZ)[A? = A%lop | i (A)][ A% = A2[Jop
1A e 14113 14115
Again from Assumption E.2, (34) gives
A A?) [r(A2)log?(n+d + p)
2\t s a2vt < H*( e g p
1(A2)T = (4%) )l S A*(AQ)\/ .
This yields (30). Proposition 3.2 from [65] and (34) yield,

H(CI)WTA2¢/”)1/2 _ (q)///TAQ(I)///)l/QHOP <

)

T (A2 = 48" oy _ A2, [ro(42)log’(n + d+ p)
/\i/2(<1)’”TA2‘I>”') ~ A(A) n

where ®” = ®,(A2%), and we used A\, (P"TA29") > A, (A?). Since A =
(I)m(qDWTA2CI)/”)1/2‘I)WT and A1/2 — cI:,///((I)///TAQ(I)///)1/2(I>///‘|' we obtain (3l)as

P re(A2)log*(n +d+p
||A—Aopsn*<A>||A||op\/ (47)log { ) (39)

n

Again using Theorem 5.2 from [60] combined with Assumption E.2, we obtain (32) as

~ 2 2 2
||14]L _A’[Hop S_, K*(A) \/TG(A )1Og (n+d+p)

n
This yields ||AT||op S ||ATH0p-

Part 2. Next we derive (33). By a similar argument as Part 1, (36) and Assumption E.2,

(i) ()Y 1002
H(i)(l))f _ (2(1))T” < ”Zfﬂ ||Op TB(ZJF )log (n+d+p)' (40)
x T 0p ~ )\2(2(11)) n
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Since D — D = EE‘L = EL( ;))T,
|@T(DSY — DED)IWEET op

<o @ - pymPwirl| +||leTDEP —sPwi|

a (i i T
T DDy — s

= o8 EOy =W || o+ [eTER.EONEY — W]

re T
S+ H<I>TD (S0 50 )ngel

op
(i i re |
< [eT£0. =0y oW

) +H<I>T 0. (=)= g )*29)@51
op

op
5 (1 i T
+[eTDEY - sOwie]

x

() (i T
+ H(I)TE() (= ))T(Z() Z())lerel

op
= Q1+ R+ Q2+ Ry

We bound 1, @2, Ry and R separately. For the terms ()1 and )2, (37) and (38) give

@) 2
Qi 5 20 ||1/2||A||op\/ CelB e el e e @)

’
n

(re(@T DSV DT®) + r,(A2)) log?(n + d + p)
- .

Q2 < ||DES>DT||352||A||OP\/ (42)
For the term Ry, using (35) and (40),
Ry < IS8, opl (ED) = (ED) [lopl B9 (1372150 2W T | op
=L 17 [ Allop ¢ (re(S9) + re(59) log*(n + d + p) \/TS(ES))IOgQ(n +d+p)
22(x9) n n

\/re(Eg))(re(ES)) +7(59)) log?(n + d + p)

S K2EDIED 6 1 Allop p

~

For the term R, using (35) and (36),
Ry < IS8, ol ED) [lopl 5D — SO 1op | (D) (1322150 2T || op

, , , (re(E) + 1o (20) log?(n + d + p) (2 1og?(n + d + p)
< ||<z;>>*||252||A||opnz£>||3f||z;>|§;<2\/ : :

n n

S (1 () + 1o (59)) log?(n + d + p)

)

. e
S w2020 ||0/2||A||0P\/

n

where we used [|(S)[lop < [[(E8)1]|op by Assumption E.2 combined with (40). Again from
Assumption E.2, R; + Rs is bounded by the right hand side of (41). Therefore,

A i T
1T (DEP — DEP)WIE ] lop

4 (@TEVD) 4 1. (42))log?(n + d
S |E£l)|‘¥2||A”0p\/(r ( )+T’ ( )) 0og (71+ +p)
n

(re(@TDEYDT®) + r,(A2))log?(n + d + )
- .

+ DEQ)DTI$£2IIA||op\/

Finally, from Assumption E.2, we obtain ||<I>TDE(1)WPR—|—HOp < ||Ipxd 1/2||0p||2 1/2Wprel [lop-
This concludes the proof. O
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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: The abstract and introduction clearly state the contributions of this work.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the limitations of the work in the Conclusion Section (section 8).

. 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]

Justification: The main assumptions and theorems are provided in Section 4, while additional
details and complete proofs can be found in Appendix E.

. 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: The paper has disclosed all the information in the method and experiment part.

. 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?

Answer: [NA] .

Justification: We have the code required to reproduce our experimental results and are
working towards making our code available in a public GitHub repository.

. 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: The experimental setting is clearly described in Section 2, Section 5 and
Section 6, and we will make our code available in a public GitHub repository.

. 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: [Yes] .

Justification: All statistics and results included in the paper are accompanied by confidence
intervals.

. 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] .
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10.

11.

12.

13.

14.

15.

Justification: Information for the resources required to reproduce the experiments are
included in the oaoer. All experiments are run with 4 x A100 (80G). For the efficiency
analysis, a single A100 GPU was used.

. 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: The research conducted in the paper fully conforms with the Neur[PS Code of
Ethics in every respect.

Broader Impacts

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

Answer: [Yes] .
Justification: We discuss the broader impacts of our work in Appendix.
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: [NA] .
Justification: Our paper does not introduce any assets that have a high risk for misuse.
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: [Yes] .

Justification: We have explicitly mentioned the citations for the datasets and have ensured
that all conditions are fully respected.

New Assets

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

Answer: [NA] .

Justification: Upon acceptance, we will make our codebase publicly available and complete
documentation for our assets.

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: We do not include any experiments with human subjects or crowdsourcing.

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: We do not include any experiments with human subjects or crowdsourcing.
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