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Abstract

Current PEFT methods for LLMs can achieve 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 (S?FT) methods for LLMs, 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”. Based on the
coupled structures in LLMs, S?FT selects a few attention heads and channels in
the MHA and FFN modules for each Transformer block, respectively. Next, it
co-permutes the weight matrices on both sides of all coupled structures to connect
the selected subsets in each layer into a dense submatrix. Finally, S?FT performs
in-place gradient updates on all selected submatrices. Through theoretical analyses
and empirical results, our method prevents forgetting while simplifying optimiza-
tion, delivers SOTA performance on both commonsense and arithmetic reasoning
with 4.6% and 1.3% average improvements compared to LoRA, and surpasses full
FT by 11.5% when generalizing to various domains after instruction tuning. Using
our partial back-propagation algorithm, S?FT saves training memory up to 3x and
improves latency by 1.5-2.7x compared to full FT, while achieving an average
10% improvement over LoRA on both metrics. We further demonstrate that the
weight updates in S?FT can be decoupled into adapters, enabling effective fusion,
fast switch, and efficient parallelism when serving multiple fine-tuned models.

1 Introduction

Recently, Large Language Models (LLMs) have achieved significant success [16, 1, 66]. With these
models being applied in diverse domains, full fine-tuning (FT) is commonly employed to enhance their
downstream capabilities [56, 6, 74]. 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 [70]. (iii) It is impractical to store and
serve thousands of fine-tuned LLMs on modern GPUs if each requires full parameter storage [81, 60].

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 [78], fast switch [33], and efficient parallelism [60] 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 [80], 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 [60],
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 [63, 3, 71]. 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, S?FT mitigates forgetting under distribution shifts while simplifying
optimization. Empirically, S?FT 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 run-time 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¥dn and O; € R >4 where dj, = d/h is the dimension per head. Let Sya C [h] denote 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 an FEN module: U, G € R**? and D € R%**_ In
S2FT, only a few channels require gradient updates. Let Sgpn C [d] denote the selected channels. We
can permute Sppn 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. S2FT-W: This variant selects subsets based on the magnitude of the weights for linear layers.

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 applied directly without pre-processing. 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 explain why S?FT demonstrates stronger generalization capabilities
compared to LoRA. Following previous work [23, 79, 53, 52], we further show that S2FT is simple
and efficient in optimization by maintaining stability in both the magnitude and direction of updates.

4.1 Stronger Generalization Capability

First, we theoretically explore why S?FT demonstrates stronger generalization capabilities compared
to LoRA. We consider a pre-trained L-layer deep linear network, which has been widely used
to facilitate the theoretical analysis of complex DNNs [59, 30, 43, 22, 34, 5]. Let fP(x) :=
WECWP™ | ... WPz be the pre-trained deep linear network, where W} € R4*de-1 with dy = p
and dj, = q. We fine-tune the ¢-th layer with low-rankness level r < min{dy, dy—1} or sparsity level

s=|r- dgdtid“l‘lj . Denote a class of adaptation with parameters U € R%*< and V' € Rd¢-1%4 g
o —pre T
foov(a) =W (WP + UV )WPE a, 3)
where Wzre = WEEWEE L WP € Réexde-t and WO o= WPEWP™, L WS € Rée* 0 with
spre
Wb = I, and WI,; = I,. In a transformer-based LLM, each row of W, can represent the

parameters in a single attention head for the MHA module or in a single channel for the FFN module.
Given n observations (x?), yfi)) C RP x RY, we fine-tune fP* by minimizing the empirical risk
RS)(]C[,U,V) = (1/n) Xiem) ||y§1) - fg’U’V(IEI))||2 via gradient descent. For LoRA, we train both
low-rank matrices (U, V') in Equation (3) with d < r. For S?FT, we train only V in Equation (3)

with d + s and fixed U + USFT := [e4,;€qy;. .. €a.)s Where S = {a1,...,a,} C [d] and e,
is the a-th standard basis. Similar conclusions hold when we fine-tune only U. Motivated by the
implicit regularization in gradient descent [77, 19, 5], we directly consider minimum norm solutions.

We consider a multiple linear regression setting. Assume that the in-distribution training data (2",
y1) € RP*4 and out-of-distribution test data (z(®), y(®)) € RP*4 are generated i.i.d. according to

y®) = BEI 20 4 8 ke {j o},

where B(F) ¢ R7%P ig the coefﬁc}gnt matrix, z®) and ¢(*) are mean zero sub-Gaussian signal and

noise with covariance matrices ch and 22’”, respectively. The generalization capacity is measured

by the fine-tuned model’s excess risk £(f) := E[||y®) — f(x(?))[|?] — inf; E[||y® — £/ (2(*)]?].
For these OOD data, LoRA suffers from forgetting, while S>FT can maintain pre-training knowledge.
Assumption 4.1 (Distribution Shift). Assume that £ = ©{” = ¥, for some ¥, € RP*P, and
(W, US T (W5, US T HBO — BO)S/? |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
n — oco. If BV = W‘gle(i)wszl holds for some B® € Rdexde-1 gpd s < rank(Egﬁ)), then,

EON S,y yeor) < (L4+32)ECN(f77), €O (fypoma i) > [|(B) — BY)S2|2.
Vg ™ s




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 a 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, LoRA may forget pre-trained knowledge and overfit
to the FT data, compromising its generalization capabilities. See formal statements in Theorem F.8.

4.2 Simple and Efficient Optimization

Next, we explain why S2FT is a simple and efficient optimization method. In Equation (3), S2FT

can be viewed as a LoRA variant that fixes ngFT as a combination of multiple orthogonal standard

basis vectors while optimizing VS FT with zero initialization. The gradient is given by —25— =
Vs

2 ——pre - . :
(whe z) T a%ﬁs U™, Ignore W™, W),_, and denote 8%,7% as G, at step t with learning rate 7,
441 241

2 2 2 2 27 — T
Afep(@) = foa(@) = fra—r(2) =US TV = VI Te = UG TUS™ G |2

Since U ngT is an orthogonal matrix, the update simplifies to A f;;(z) = —nGT||ac| |2. Following
LoRA+ [23], assuming that x = ©,,(1), where n is the width of the layers in LLMs, we expect
Afet(x) = O(1) to ensure stability and feature learning in the infinite-width limit [72]. S?FT can
achieve this when 7 = ©(n~!) while LoRA requires iy = ©(1) and 5y = ©(n~!) for optimal
performance. These rates become impractical for modern LLMs with very large n. Therefore, S?’FT
aligns with LoRA variants that fix one matrix [52, 79], offering more stable and efficient optimization.

Furthermore, under a given sparsity level as regularization, our model simplifies optimization when
approximating the full fine-tuning gradients at non-zero positions. Similar to LoRA-SB [53], let Gy

denote the gradient of VS*FT The equivalent gradient G, which describes the virtual gradient of the
. . . 2 . . 2
pretrained weight matrices, can be expressed as Ug FTG; Then, the gradient with respect to VS FT

-
can be expressed in terms of the gradient of the pretrained weight WP as: G‘O/ = UEQFT G. Using
this relationship, our objective is to minimize the distance between the equivalent gradient and the full

~ T
gradient as ming,, |G — G|, where the optimal solution is given by Gy = (US FT USFT)~1GQ.
Since US FT is orthogonal, we have Gy = G<. This shows that S2FT can keep the optimal update
directions throughout the training process, establishing it as an efficient sparse optimization method.

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 [80], (iii)
adapter-based fine-tuning: Series Adapter [26], Parallel Adapter [24], and LoReFT [69], (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 dataset descriptions are provided in Appendix E.

5.1 Commonsense Reasoning

The results of eight common sense reasoning tasks in Table 1 show that S?FT consistently outperforms
existing PEFT methods in the LLaMA-7B / 13B, LLaMA2-7B and LLaMA3-8B models. Compared to
LoRA and DoRA, it achieves average performance gains of 4.6% and 2.8%, respectively. Furthermore,
S2FT also shows superior performance against recent approaches, including Galore, LoReFT, and
LISA, with improvements of at least 1.0%. Remarkably, despite using less than 1% of trainable pa-
rameters, our method surpasses full FT by 0.5%. The 3.0% improvement on the LLaMA3-8B suggests
that keeping most pre-trained parameters frozen enables better generalization to test distributions.

5.2 Arithmetic Reasoning

As showcased in Table 2, S?FT consistently outperforms other PEFT methods for different base
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.
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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, >: from ReFT paper, *: 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 54.0 60.6 64.6
Series [26]' 0.99 63.0 792 763 67.9 757 745  57.1 724 7038
Parallel [24]" 3.54 679 764 8.8 69.8 789 737 573 752 722
LLaMA-7B LoRA [27] 0.83 692 817 784 834 808 790 624 784 767
DoRA [38] 0.84 68.5 829 79.6 84.8 80.8 814 658 81.0 78.1
Galore [80]° 0.83" 68.6 79.0 785 84.7 80.1 803 621 773 763
LoReFT [697 0.03 69.3 844 80.3 93.1 84.2 83.2 68.2 78.9  80.2
LISA [48]° 9.91 704 82.1 78.7 924 829 849 702 784 80.0
S?FT (Ours) 0.81 727 837 79.6 93.4 835 861 722 834 818
Prefix [36]" 0.03 653 754 721 55.2 68.6 795 629 68.0 6384
Series [26]" 0.80 71.8 83.0 79.2 88.1 824 825 673 81.8 795
LLaMA-13B Parallel [24]" 2.89 725 849 79.8 92.1 847 842 712 824 814
LoRA [27]! 0.67 72.1 83.5 80.5 90.5 837 828 683 824 80.5
DoRA [38]1 0.68 724 849 815 924 842 842 69.6 82.8 81.5
LoReFT [697 0.03 72.1 863 81.8 95.1 87.2 86.2 73.7 842 833
S?FT (Ours) 0.65 742 85.7 80.7 94.9 864 884 763 87.8 84.3
LLaMA2-7B LoRA [27]1] 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 82.6 837 682 824 79.7
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 78.7 844 825
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 GSM8K AddSub AQuA SingleEq SVAMP MAWPS Avg. 1
,,,,, R i R
LLaMA-78 LORA [27]2 0.83 98.0 40.0 91.2 21.7 93.1 56.7 85.3 69.7
DoRA [38] 0.84 97.3 38.9 89.6 224 93.9 58.4 85.3 69.4
S*FT (Ours) 0.81 98.8 41.3 91.4 21.3 93.5 58.4 86.1 70.1
,,,,, R
LLaMA-13B LoRA [27]2 0.67 97.5 47.8 89.9 20.5 94.3 61.2 87.4 71.2
DoRA [38] 0.68 97.2 48.1 90.6 20.9 93.9 63.8 88.2 71.8
S?FT (Ours) 0.65 97.7 48.4 90.4 22.8 95.5 63.9 87.8 724
,,,,, R et
LLaMA2-78 LORA [277]2 0.83 97.5 44.0 91.2 20.9 94.1 59.2 85.7 70.4
DoRA [38] 0.84 98.2 43.8 90.1 24.4 94.5 59.1 89.1 713
S*FT (Ours) 0.81 98.5 44.3 91.1 25.2 94.7 61.8 882 720
,,,,, ST TS S e m oS e m o e oo _____
LLaMA3-8B LoRA [27]2 0.70 99.5 61.6 92.7 25.6 96.3 73.8 90.8 77.2
DoRA [38] 0.71 98.8 62.7 92.2 26.8 96.9 74.0 91.2 71.5
S®FT (Ours) 0.70 99.7 65.8 93.7 31.5 97.8 76.0 924  79.6

5.3 Instruction Following

Table 3 comprehensively compares various methods on eight tasks in the MT-Bench dataset [82]. It
is observed that S?FT > LISA > Full FT > LoRA/Galore > Vanilla for both the Mistral-7B and
LLama2-7B model. 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
the MT-Bench dataset. 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.

7



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.

Model Method Writing Roleplay Reasoning Code Math Extraction STEM Humanities Avg.
Vanilla  5.25 3.20 4.50 1.60 2.70 6.50 6.17 4.65 4.32

Full FT  5.50 4.45 5.45 250 3.25 5.78 475 5.45 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 2.5 5.65 5.95 6.35 4.85

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

FullFT  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 6.20 445

LLaMAZTB Giore 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

Ours 6.75 6.60 4.15 1.65 1.85 4.75 7.45 8.38 5.20

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.

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 8730 85.1 8721060 854 86.2(.0.4)
Arithmetic 79.6 78.4 78.4 77.1 80.0¢:0.4) 76.8 79802 77.8 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.



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 benchmarking against other PEFT methods, S?FT 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 metrics 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. [83], 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 [60]. 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 [69] 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 [84], and FLoRA [61], 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 [54], 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, 75, 64]. 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, 85], (2) incorporating sparsity into LoRA [68, 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 SFT 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 the controllability in S?FT. Fourth, scaling our method to larger models requires further
experiments. Finally, although our work confirms the feasibility of scalable and efficient deployment
during inference, developing a practical serving system for S?FT 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 used SpFT, LoRA, and Full FT to fine-tune the LLaMA-3-8B model on the Math10K
dataset [28]. The Math10K dataset combines training sets from GSMS8K [14], MAWPS [32], and
AQuA [37], augmented with chain-of-thought steps generated by language models. We conducted
training for 3 epochs with a batch size of 64. For both PEFT methods—SpFT and LoRA-we fine-tune
with three ratios of trainable parameters for all linear layers: p = 10%, 1%, 0.1%. The model’s
performance is evaluated on both arithmetic and commonsense reasoning tasks, representing near out-
of-distribution (OOD) and far OOD generalization scenarios, respectively. The arithmetic reasoning
dataset comprises seven subtasks: MultiArith [55], GSM8K, AddSub [25], AQuA, SingleEq [31],
SVAMP [50], and MAWPS. The commonsense reasoning dataset includes eight subtasks: BoolQ [12],
PIQA [9], SocialQA [58], HellaSwag [76], WinoGrande [57], ARC-challenge [13], ARC-easy [13],
and OpenbookQA [46]. Based on task complexity within arithmetic reasoning (accuracy > 90%),
we group MultiArith, AddSub, SingleEq, and MAWPS as easy subtasks, while the remaining ones
are classified as hard subtasks. This stratification enables us to evaluate whether the model develops
advanced reasoning abilities beyond memorizing basic arithmetic operations from the training data.

D Detailed Selection Strategies in Section 3

For the five selection strategies described in Section 3.2, we will detail the methods for identifying
and selecting important subsets within each linear layer of both MHA and FFN modules in LLM:s.

1. S?FT-R (S?FT): In this strategy, we will randomly select some heads for the MHA modules and
select a few channels for the FFN modules. For the output projection, all channels in the selected
heads will be included to enable dense-only computation. In the up and gate projections, we will
select a subset of columns, while for the down projection, a few trainable rows will be chosen.

2. S?FT-W: This variant selects subsets based on the weight magnitudes (i.e., ||W||2) in the MHA
and FFN modules. We will test subsets corresponding to both the largest and smallest weights.

3. S?FT-A: This variant selects subsets based on the magnitude of activations (i.e., ||Al|2) on a
calibration set, using 1% of the fine-tuning data. Since collecting activations requires only forward
passes, this approach maintains the same memory footprint as inference and incurs a negligible
increase in training time. Similarly, we evaluate both the largest and smallest activation variants.

4. S?FT-S: The Top-K subsets are ranked and selected by the product of the weight and activation
magnitudes (i.e, ||W||2 - || A]|2). The activation values are collected in a manner similar to S>FT-A.

5. S?FT-G: This variant selects subsets based on the magnitude of gradients on the calibration set.
Since gradients are collected without updating the model, we calculate and discard gradients layer
by layer during back-propagation similar to Galore [80], requiring minimal additional memory.
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E Detailed Experimental Setups for Section 5

Detailed selection strategies and number of trainable parameters are presented in Section 5.

E.1 Dataset Description

Commonsense Reasoning. The commonsense reasoning dataset comprise eight subsets: BoolQ [12],
PIQA [9], SocialQA [58], HellaSwag [76], WinoGrande [57], 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.

Arithmetic Reasoning. We followed Hu et al. [28] and evaluated S?FT on seven math reasoning tasks,
including MultiArith [55], 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.

Instruction Following. To further showcase S?FT’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 [65]. Performance is measured on MT-Bench [82],
featuring 80 high-quality, multi-turn questions designed to assess LLMs on eight different aspects.

E.2 Hyperparameter Description

Additional hyperparameter configurations for all tasks are provided in Table 6. We maintain the same
hyperparameter settings across the LLaMA-7/13B, LLaMA2-7B, LLaMA3-8B, and Mistral-7B 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 16 x4 16x4 16x4
Warmup Steps 100 100 0
Epochs 3 3 1

F Proofs for Theoretical Results in Section 4

Here we provide proofs for the results in Section 4.

F.1 Notation

For a vector a, let ||a|| be the ¢5 norm of a. For d; > ds, denote a set of orthogonal matrices
by Ogy,4, == {R € R"*% : RTR = [,,}. For a matrix A € RU1*%2 let ||Allr and || Allop
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%*% et
SVD,.(A) := &, (A)A,.(A)V, (A) be the top-r singular value decomposition of A, where ®,.(A) €
Qg,,» and ¥,.(A) € Qg, , are top-r left and right singular vectors of A, respectively, and A, (A) =
diag(A1(A),...,A(A)) € R™" is a diagonal matrix of singular values of A, where \;(A) denotes
the j-th largest singular value of A. Define ®,(A) := @, ni(a)(A) and W, (A) := U o014y (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) = Aani(a)(A) and let A, (A) = Apania)(A).

For a deep learning model fine-tuned on 7 i.i.d. samples (xgi), yi(i)) C RP x RY, we say an event F

occurs with high probability when P(F) = 1 — exp(—Q(logQ(n +p+4q)).
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F.2 Setup

We consider multivariate regression task. Using n i.i.d. samples (xfl),yf )) C RP x RY from
in-distribution task, we fine-tune a pre-trained network fP* : RP? — R? for better prediction.

Deep Linear Networks We consider deep linear networks of the form x — Wy Wy _1 ... Wiz :
R? — RP, where W, € R%*d-1 with d; = q and dy = p. In comparison to multi-head
attention transformers, each row of W, can be v1ewed as corresponding to the parameters in a single
head. Let fP®(z) = WP WP, .. Wiz — RRY represent a pre-trained neural network.

We denote W, := WP WP .. WP ¢ RdLXdl—l as the weights up to the ¢-th layer, and
WU o= WPEWP™, .. W™ € R as the weights above the (-th layer, with the promise that

WE™ = I. Deep linear networks have been widely used to facilitate the theoretical analysis of
modern complex deep neural networks [59, 30, 43, 22, 34, 5].

Fine-Tuning We employ ¢, distance as the error metric. Given a pre-trained network fP*, we ﬁne-
tune its ¢-th layer by minimizing the empirical in-distribution risk R( (f)=@1/n)>, eln] ||yl

(935 ))||2, where (z E), y( )) C RP 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

fevy (@) =W (WP + UV WPz, )
where U € R%*4 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 [77, 19, 5], we
directly consider the minimum norm solutions:

(ULoRA YLORAY c arg min ||(U, V)||2 s.t. (U, V) minimizes R (fr.p.v). (5)
U,v

* S?FT. For a fixed ¢ € [L], and a sparsity level s = |r - %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,aq,...,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:
VSET argmin ||V[|2 s.t. V minimizes R%)(fe ST 1) (6)
v s

Data Generating Process As a simplification of the data generating process, we consider multiple
linear regression. Assume that the in-distribution data (), y() € RP* and out-of-distribution data
(2(®),y(©)) € RP*9 are generated according to

yF) = BRIpk) (k) e {i, o}, 7
where B*) € R9*P, and €*) € RY is the error term satisfying E[¢(®)|z(*)] = 0. Assume that

nk) = E[e® ) T] € R7%4 exists and E[2(*)] = 0. The signal covariance matrix is denoted by
2 = Elg® W T] ¢ RP*P,

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

For notational brevity, we can write WP® = W5® € R?P, Let X = (z} () ,xg,l)) € RPx",
Y® .= (yil), . ,yy(;)) € R and EW = (e (1') %)) =Y B()X() € qun. Denote the

PR
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in-distribution sample covariance matrices by S 1= (1/n)XOXOT, 59 .= (1/n)EOEOT,
SO = /) XOEOT, $0 = SOT Define 5 = (XOT)TEOT, A4 .= (e sOwoel1/2)

A= (WS BOWP)I2 @ = o, (W)S)), @ = @ (W(,US™T), D = BO — wre,
D = BO —wre 4 £, Also define M := @'TD2<”W§”IAT and M = @' T DROWreT At

Let U/ := W, (A), and G(1 ° . (WpreE(l)l/ 2)‘LI/VPre ©)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(x) =

WEeWP™ .. WPz using in-distribution observations (2", y™);c (1.

To measure the performance of models, we define the excess risks of f for the task k € {i,o0} as
EW(f) = E[lly® — f@®)|P] - i}{l,fE[lly(’“) = (@),

where the infimum is taken over all square integrable functions.

F.3 Assumptions

We assume that WzrelE(l)WpreT # 0, since otherwise W)™ 2 = 0 almost surely and fine-tuning
the ¢-th layer does not improve the performance of the pre-trained model. Define the in-distribution

prediction residuals for the pre-trained model fP* by EEZ) = B[(BOz®) — werep0)(BO 0 —
W) T]. Note that £O (fPe) = tr (E;i)). We also assume that ||E§ci) llop > 0, since otherwise
EW(frre) = ||Z§3) |2 = 0 and there is no room for improvement from the pre-trained model.

Next, we introduce several assumptions.

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

TS0y > ally T2V, and TS0y > ey T3,
for any v € R” and 4" € RY, where ||y||,, is the sub-Gaussian norm defined as
Y]l := inf{v >0: ]E[exp(yz/UQ)] <2}
for a random variable y taking values in R.
Assumption F.2 (Sufficiently Many Observations). Assume that

n > (K (A)re(A%) + £1(ED)re(SY) + re(DEPDT)) log?(n +p + q),

nﬁww R
— P (1 (BD) + 7. (4%)) log®(n + p + q),
DY DT op
and
(22 (re(58) + re(25
n s (o e £ re ()| o

re(A2)
Assumption F.3 (Eigengap Condition). Assume that there exists some constant C; > 0 such that
(i) T
As(®' T DR W AT)
A(@TDEP W ALY — A4 (@ T DRV WEeT AT) ~

holds.

Assumption F.3 is necessary to identify the rank-r approximation of M, which is used to derive the
risk of LoRA.
Assumption F.4 (Approximate Sparsity of Channels). Assume that there exists some Sy C [dy] with
|So| < s and § > 0 such that
TP i re i Pre ¢ i re i
Do lleg (We)'(BY = wre)sOV2|2 < 62| (W5 (BY — wre)s2|2
a€[d[]\S()
holds.
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Assumption F.5 (Distribution Shift). Assume that ¢ = £{”) = ¥, for some ¥, € R¥*? and that
@] (Wi UST) (B — BOYSL/?|2 < e2£0)(f7%) for some & > 0.

Assumption F.6 (Condition Number). Assume that . (M) < 1, k. (Wzlil) <1, /1*(253)) < 1land
R (WS S WE]) S 1.

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

F.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 F.10, F.11, F.13, F.15, and Lemma F.14.

Theorem E.7. Suppose that Assumptions F.1, F.2, F.3, F.4, and F.6 hold. Choose S such that S D Sy
holds. Let UXRA VIORA pbe the LoRA adaptation matrices defined in (5). Let VS’FT pe the S2FT
adaptation matrices given UEQFT defined in (6). Then, for all sufficiently large n, the following holds
with probability 1 — eXp(—Q(log2(n +p+4q))): foranyn >0,

EO(f, psten o) < (L + )T 4 (147 (TS )2

ED (fo,omn yioma) < (L+0)(Tool™)? + (1 + 0~ ") (Tihme) s
where
0< (Tiaf*)? — €D = (1577 — €D () £ 820 (1),
sde—1log”(n+p +q)
" )
r(de + de—1)log*(n +p + q)
n
Theorem F.8 (Restatement of Theorem 4.2). Consider the limit n — oo. Suppose that Assumption F.5
holds. Let UWRA VIORA be the LoRA adaptation matrices defined in (15). Let VS’FT pe the
S?FT adaptation matrices given U;QF T defined in (25). If BY = I/VIZilBVVpre holds for some
BW g Rdexde-1 gpq s,r < rank(Zgj)), then,

EO(f, g yrmr) < (L4 32)E (),
EO)(foanomn yrw) > [[(BO — BOYEL2|2

(Titnce)® S (1= lop + 125 lop)

variance

(T2 < (15D [lop + 1159 lop)

variance

Intuition of the proof of Theorem F.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[[|y® — (WP 4+ AL)z0)2).
AieRledO
rank(A})=r

Assume that 3\ = I, then we can show that the solution is A; = SVD,.(BW — WP®). Under the
condition that the rank of B — W{’ ' is smaller than, or comparable to r, LoRA fine-tuned model can
learn the in-distribution best regressor in £5 sense, since (WP + A1)z ~ BUz = E[y |20 = 2],
Hence it makes LoRA fine-tuned model vulunerable to distribution shift.

On the other hand, we model SFT as fine-tuning only a few channels:

Ave argmin B[y — (WP + Az,
AQZZQES Cn,UIKUa,ERdO

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)z = Wiz + Z eqe,) (BY — WPz Z cas WPz + Z eqe) BY
acS acSe acS

where S C [d;] is a set of channels with cardinality s. Since S?FT keeps most of parameters from
the pre-trained model, except for rows specified by .S, the model forget less pre-training tasks. [
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F.5 Proofs for LoORA
F.5.1 Excess Risk of LoORA

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

(UL VIR € argmind (U s.t. (U, V) minimizes RD (fovv).
(U;V)ERdZXTxR o—1XT

Then, the low-rank adaptation matrix satisfies

—=pre ——=pre  ——pre

URORAVLORAT — (W) TSVD, (Wi, (Wit DEO W | AT) AT,
and

pre

g ns) = tr( (B = W SvD, (W, (W55, DEDWEST AN AT, ) i

pre

re A (i re | 7 1 re T
(BY) — W — svp, (W, (Wi ) DSO W AN AT, ) )
fork € {i,o}.

Proof of Lemma F.9. The empirical risk of f; ;1 for the in-distribution task can be written as

pre

R (frow) = = 30 I(BO — wre)a® 4 e WIS, Uy Twee 20|
ze[n]

pre

:tr((B<i>—VVPre W oV TwEe )50 (BO — e _ 77

—pre

LUV
n 2tr((B<i> _ e WﬁflUVTwifl)iS?e) + tr(i?))
— (VTS SOWE VU W)
20 (WELOV T, {S0(B0 - w7+ 20 )

—l—tr((B(i) _ Wpre)ig) (B(i) _ Wpre)T) + 2tr((B(‘ Wpre)2(1 ) n tr(ig)).

®)
Since SS;L = ﬁ]g)(X() YEOT = E(])E(],E,
RO (fouw) = tr(AVUTWE’ﬂWErleVTA) - 2tr(W£+1UVTAATW’"e s DT>
(VT A s05)
+tr(DSPDT) +24r(DEY, ) + 1 (£0)
— W5, UVT A~ DEQWIT AT — [ DSOWST AT
+tr(DSODT) + 260(DEY, ) + 1 (80), ©)

where we used (I — AAT)EZTIES)W = 0. From (9), minimizing RS)(fg,U,V) is equivalent to
minimizing the norm:

Wi, UVTA— DEOWYT AN = (W), UvTA— Wy, (W) DSOwher Af|12
pre

I - W, (W) hDEDwheT Af||2.

This is minimized by (U’, V") satisfying

U'V'T = (W) SVD, (Wit (W) T DEQWhe ] AT) AT
+ (I — (W) W) AL+ Ao (1 — 00T, (10)

21



where Ay, Ay € R%*de-1 are arbitrary matrices. Since we particularly consider the minimum norm

solution, we must have A; = 0 and A, = 0. Hence
—=pre

WS, UL I, — SV, (S, (75, DS W] AN AT,

Therefore, the excess risk for k € {i, 0} becomes
Tr7Pr T T 2
E(k) (fe’U[_oRAJ/LoRA) =K [(B(k):c(k) - W?f_l(Wt}) © + ULORAVLORAT)EEEIZL'(}C)) :|

—=pre  ——pre

- tr((B(k) e SVDT(WM(WM)Tbig.i)mgrjm)mwgrjl)2;’@
—=pre ,—==pr A G A ~ T
(B — W — SV, (W, (W, )T DSOWS T AN AT, ) )
This concludes the proof. O

F.5.2 In-distribution Excess Risk of LoRA

Let £0)( f1ull) denote the excess risk of fP™ after fine-tuning all the parameters of the ¢-th layer under
population in-distribution risk.

Theorem F.10 (Restatement of Theorem F.7: LoRA Part). Suppose that Assumptions F.1, F.2 and
F3 hold. Then, the following holds with probability 1 — exp(—Q(log2 (n+p+q))). Foranyn >0,

EV(fr o yiomn) < (14 n)(Tiee)? + (1 4+ 0~ ) (Thifinee) s

where
k(D DTy — 4 . ‘
(Tioray2 < OV (rank( ) =) 2 (DsO DT (g 4 £0 (i), (an

rank(DEV DT)
r(re(® TV + 1. (A%) log*(n + p+ q)
n
2 T ) T a/ 6 2 2
+ C2H3(M)”DZ:(Ei)DT”OpT(H*(A)Te((I) D¥:’'D @ ) + Ky (A)TE(A )) log (TL +p+ q) ]

n

(Tiatince)” S C2R2 (MBS lopr (A)

variance

Note that the first term on the right hand side of (11) depends on the rank of residual matrix
ES:) = DXYDT. Tt becomes zero when rank(chl)) < r and small when 7/ rank(Z}l)) ~ 1.

Proof of Theorem F.10. Let WIZ“ORA i= Wy, URAVLORAT  Erom Lemma F.9, we have

. —LoRA T : —LoRA T
EO(fy iams yroms) = tr((D ~ WA W 50D - W m_el)T)

—LoRA

= (W, AATWS, — D)sOV2IE,

where we used (I — AAT)EEZES)UQ = 0. From Lemma F.9

—5LoRA —pre  ——pre A (i T 24\ 4
W, A=SVD,(Wyy, (Wi ) DSOWEe AT) At A.
This gives
—LoRA i —LoRA —=pre ,——pre i T i
[(W ™ AATWES | — DYSOV2 e < ||(W, A — SVD, (Wely (We ) I DD W | AT) ATW e, 02|
+ ISVD, (W, (Wi, DEP W] AN ATWEE 202 — DEOV2|
=t Tiance + Toies

LoRA LoRA
We bound T, 254 . and T;;0%" separately.

For the term TLORA _gince ATWWP™ SO WP At = AT A2AT,

variance’
—=pre ,——pre —pre ,——pre

ThoRe . = ISVD, (W, (Whsy ) DSOWEe T AT ATA — SVD, (W, (Wit 1) T DEDWEeT AN AT Al

variance
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Therefore,
TLSRA, < ||SVD, (W0, (Why,) DS

variance — (ml)wlzr—e—erT)ATA - SVDT(WEiil(WEil)TbE

+[ISVD, (Wi, (Wit ,) ' DEOWheT AT)(ATA — AT A)|e

__. mLoRA LoRA
- Tvariance71 + Tvariance727

el AN ATA|lp

T L

We first bound TE°RA . From Lemma G.1 and Assumption F.3, we have

variance,1*
TioRne 1 < ||SVD, (M) — SVD,. (M)
(M ~
< K2 (M) Q) o5t~ My

Ar(M) = Apyr (M)
< K2 (M)CVF||M — M lop,
’ TbIe Tpre \ 4 AL (i) rropreT A TrFPre Tpre D)yppreT

ivhere ]\é %: WZ+1(WE+1)TDE§;)EE_61AT and M = W£+1(We+1)TDZ§;)w5_61AT. From

emma G.3,

v A (i re T i re T 1
1M — Mlop < [|@ T DEDWEE — & T DEOWEE flopl| AT o

i T 7
+ HDE;(c)wIterl HOPHA]L - ATHOP

3 ”29’%%@)\/ (re (@ TS0 ) + 7, (42)) log?(n + p + q)

n

) AT @7 2 2
DT L/2 (re(®"T DY’ DT ) +1.(A?))log"(n+p+q)
DO DTIY m(A)\/ ’

2
@opoeT) Fx(4)  [re(A?)log”(n+p+q)
+ ”sz wﬁ—l HOP)\*(A) n

S ”Ei”éfm(m\/ (@ TED®) + 1 (A2) o8 (14 p + 0

n

+ ||D2(i>DT||1/2\/ (+2(A)re (T DEPDT®) + kb(A)re(47) og*(n +p+ )
T op n

holds on the event F, where we used ||DZS)EETI llop < ||DZS)1/2||OP||A||OP. Hence

r(re (TR D) + 1, (A2)) log?(n + p + q)
n

Toarian <Cg/~@3(M)ES)II§£2/-@*(A)\/

variance,1 ~o

r(k2(A)re (@ TDEY DT @) + k1 (A)re(A2)) log?(n + p + q)
. .

+an§(M)|DE§§)DT||},I{2\/
Next we bound TL0RA = Again from Lemma G.3,

variance,2*

e )
T2 < VI DEOWYE o AT[lopll AT — AT lopl Allop

. . 2 . 2 1 2 + )
< IpnWO1/2 ()1/2pppreT ki(A) [r-re(A?)]log"(n+p+q
~ || Ea: HOP”Er RASy/ . | ||UP/\*(A) n

_ ||DZS)1/2|0pI‘$2(A)\/T . 7"@(142) 10g2(n +p+ q)

n
holds on the event F. Therefore,

. (I)’TZS)Q)’ A2)) log?
TLoRA Cgf’ii<M)||Eg)”él{21€*(A)\/T(TE( )+Te( )) og (n—i-p-i-Q)

variance ~o
n

r(k2(A)re (@ TDEY DT ') + k8(A)re(A2)) log*(n + p + q)
n

+ CerZ(M)| DEP DT IIéf\/
(12)
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hold with high probability.

Bound TL°RA,  Note that

bias
(Tyeh)? = ISVD, (M) AW, 512 — DR (V2|2
= || SVD, (M) ATWE®, 202 — &'@ T DRO W] (A7) W m0V2 |2

=T

i i T i
+ || DEOV(1 — SOVl (A2) e 501/2) 12

::T2
+]|(1 = @@ ") DEP W] (A%)Twhe n(1/2 )2

::T3
where the second equality follows from the fact that cross terms are zero, i.e.,
w(NTy) = w(BI) = w(BT) = 0 since o, (Whe SOV g T (e w012
SO T A2yt 502 and
(I — @@ )2, (SVD, (M) = 0, Wi, 5OV2(1 — v, (W, 50V2)w] (Wi, £0V/2) =0
hold. Thus from Lemma F.17,
(Tyof®)? = [|SVD,(®'®' T DSPWEe ] AT) — &'a' T DEOWe L A2+ £0(£).  (13)
Notice that
ISVD,.(&'®' T DEO WP At — &'a'T DO pwbel AT||2
< {0V (rank(®'®'T DSOWI*T AT) — 1)} |88 T DROWET AT,
< {0V (rank(®'®'T DEOWE*T AY) — )} | DROV2)2)
O\/(rank(DE()DT) r)

KZ(DSPDTED(frre), (14)
rank(DZ( )1/2)
where the last inequality follows since
. . ‘ ' k(DRH1/2
IDEOV2 | = A, (DSOV2)2 > rank(DEGV2)N2(DEO1?) = KD )y fy1/2)e

k2(DxP?)

Summary Note that for any 1 > 0, (TLRA 4 TLORAYZ < (7 4 ) (TLORAY2 (141 /) (TEORA )2
holds. Therefore,

ED(fooma yiona) < (14 ) (Tooe™)? 4 (1407 (Thohae)*-
Combined with (12), (13), and (14), this concludes the proof. O
F.5.3 Out-of-distribution Excess Risk of LoRA

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

(ULORA 'YLORAY  argmin ||(U, V)||2 s.t. (U, V) minimizes RV (fr.01). (15)
U,V

Theorem F.11 (Restatement of Theorem F.8: LoRA Part). For (ULRA VLORA) defined in (15)

EO(fevmn i) S| = @' HBOSOV2E 4 (BY — BOSOV I,
+[|(BE) — W) (212 — 2 OV2G)) |5

Y (rank(DXYDT) —

r) o () T (i,0)12 (i)
R(DEO DTG 560 (7).
rank(DX0 DT) e
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Furthermore, for any n € (0,1),

. 2 .
EO (fp g viom) = (1= )||(B = BOTOV2| 307! = 1))|(1 - '@’ ") BOTO22
=30~ = (BY - W) OV - 202G

10V (rank(DSYDT) — 1)

-3(n" -
rank(DY D)

K2(DSO DTG oD (7).

(16)

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

EO (fovnams vigm) = tr((B<°> = WP = SVD, (W), (W) DEQWEST AT AW, )5

pre

‘ T
: (B(O) — WP — SVD, (Wy, (W4 ,)! DZ?E@TIAT)ATEEZ) )

- H(B<°> _ W) s@1/2 SVDT(@’@’TDzymgfjAT)ATM;‘EIZ;OWQH2.
F
17

Recall that M := &'®'T DL WP AT, Then,

H(B(o) o Wpre)zgﬂo)l/z o SVDT(‘I)/(I)/TDES)WgreIAT)ATWErelx(O)I/ZH
< H B(O) _ Wpre)z(o)l/Q _ (b/(I)ITDZ(i)WIZre—lr(A2)TWEre12(n)1/2H
~ x X f— - T F
+ [|MATWPe 512 _svD, (M) AT 501/2| .
— H B(O _ Wpre)z(o)l/Q _ @/@/TDES)I/Q(WPW Z(i)l/Z)TWgrelz(o)l/QH
whe WP m2)|
+ | MATWEE 2912 — SVD, (M) ATWHE n 02|
<||(I — @' T)BOSOV2 | 4 |¢'e T (B@ — BO)sO/2G1)|,
+[9/9 T (B — W) (02 - SOV2G) e
+ | MATWE S92 — SVD, (M) ATWH® 5012 |
< [I(I — @@ ") BOSOY2||p 4 (B — BO)YSOV2|6|GE) op
+[[(BO — wrrey(sV2 — 50265 ||p + | M — SVD, (M) AT SOV,
where we used ®'®'T WP = WP, From (14), we have
{EQ(frpwm v ) 12 < (I = '@ T)BOZOV2 g 4 ||(B©) — BOYSOV2 |G [lop
+[[(BO — w502 502G |

0V (rank(DZg)DT) —r

+GE) loprin (DEPDT) .
* ; rank(DEg)l/Q)

g (gm),

where we used || ATW)*, n) 1/2||0lD = HG ||op This gives the first claim.
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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

EO(f, o yiaws) = H(B<°> — BOYR©L/2 (1 — ¢'e'T)(BH — pyrreyn()1/2
:ZTl
+ & (I)/T( () Wpre)<2(o)1/2 3(;)1/2ng1;01))
::TQ

+ MATWpre 0)1/2 SVDT(M)ATWEY_Clngo)l/QHQ
F

=:T5
. 2 .
S CRE B(‘))Zg’)l/QHF +26((BO - BOSOVAT + T, + T)T)
+ |7y + T2 + T3
_ 2
> (1=n)|(BY = BOSOV| s -y D+ T+ TR a8
Choose 7 € (0,1). By a similar argument as above, and using ®'®’T WP = TWP*, we can show that
Ty + T + T3|[f < 3||TulE + 3l|T27 + 3|1 T3]

< 3|(1 = @@ ) BORO2|Z 4 3] (BD — W) (2012 — 502G |12

Y (rank(DSYDT) — 1)

rank(DEg)lm)
where we used (14) again. This concludes the proof. [

K2(DZO DTG €D (),

F.6 Proofs for Structured Sparse Fine-tuning

F.6.1 Excess Risk of Structured Sparse Fine-tuning

Lemma F.12 (Excess Risk). Given S C [d¢], consider the minimum norm solution
2 . . . . 1
VST ¢ arg min. |VIg s.t. V minimizes ’RS)(fZ’ngﬂyv).
VeR*—1%¢
Then, the structured sparse adaptation matrix satisfies
2 2 2pT /s55bre 2 A A T, A

US FTVS FTT US (W Ug’ FT)TDZg)wlZIEI (141')27 (19)

and
pre

2 T57Pr 2 A (i re 2 re
EW S,y yoarr) = tr((B““) — WP T US T, US T DEO WS (AW 2

—pre

re o re 1 re T
(B® —wr - W US T (W, US DEQWE_I(A*)?WE_J)

fork € {i,o}.

%%A

Proof. Since E() = (1/n)X®E®T and s = (1/n)X® X®T " we have
2g(rk)(X(k)T)TE(")T DNy ;2 Similar to (9), we have

RO(S, psore ) = ITWEUSTTVT A — DEOWEST AT)2 — | DEOWT A2

+tr(ng>DT) + 2tr(Df]S?6) +tr(zg)).
Thus minimizing R( )( f ngFTy) is equivalent to minimizing the norm
W3, USTTVT A — DEOwheT Af|12 (20)
= (WL US VA - WL UE T (W US T DED W AT}

pre

i re T 3
I = (W U™ (W US THN DSOWE T AT)12,
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Using the same argument as in the proof of Lemma F.9, the minimum norm solution VS°FT is obtained
by
VST = (AD2we SO DT (U )!

The excess risk for k € {i, 0} becomes
T T 2 2 T 2
5(k)(f€)U;2FT7VS2Fr) - E[(B(k W?il(wpe Ug FT1/8 FTT)ws_elx(k)) }
- tr( (B(k) — WP Wy US T (W US T DSO W (AT)?2 ngel)2<k>

e T
. (B(k) — WP W?E‘:lUS?FT(WPr US FT)TDZ(I)WpreT(AT) W}érel) )

This concludes the proof. O

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

Theorem F.13 (Restatement of Theorem F.7: S?FT Part). Suppose that Assumptions F.1 and F.2 hold.
Fix S C [d¢] with |S| = s. Then, the following holds with probability 1 —exp(—Q(log®(n + p + q))).
Foranyn > 0,

g(i)(fe,ngFT,VSZFT) < (1 + n)(Tbsme)Q + (1 +n )(Tvsargnrce)Qﬂ

where
(T2 < (@7 — DLl )P, (DSVV2)|12 €0 (1) 4+ €O (fhm), 1)
2 ; s(ro(@ETSV @) + 1. (A2)) log (n +p + q)
(Tintmee)” S IE0 [lopie2(4) =8 =—=22 <

T D80 DT, SR AR DEY DTOY) + K3 (A)re(4%)) log(n + p + 9)
xT op n .

Note that the term [|[(®'®'T — &4%T)®,(DEP/?)|4p in (21) measures the distance between
subspaces spanned by ®’ and ®% in a label space, weighted by @, (X IS )) In high level, this quantity

shows the closeness between the /-th layer full fine-tuning and S2FT. It takes small values when the
important channels for residual prediction are sparsely distributed among all channels. 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 F.13. Using the same argument as in the proof of Theorem F.10 combined with
Lemma F.12, we have

i T 2 2 re
EO(f, e o) = (TS, USTIVSTIT AQT WS |~ D)sO1/2)2,

and

|(WEUS TV AATWEE | — D)0V
< Wik US ™ (Wi, US ™) (DSOWEE] (4%)1 - D2<i>W§“I<A2>*>A||F
+ W US T W, UE ™) DEO W] (4%) W 202 — DEO2)|e
=t Tt + That -

We bound TSFT and TS°FT separately.

variance bias
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Bound T5°FT . Note that

variance®
TS = W US T (WS, US ™ DSOWE™T (AN2A — Wi, US T (W US T DEO W | Af
< |[Wi, U T (Wi U TY DO W At - Wi, US T (WY US T DSO W] AT
+ W US T (W, US T DSOWEST ((AT)? — (4N)2) Al
= TS TSI,
For the term Tvs;ilgcml , using Lemma G.3,
TSimee < 25| @47 DSOWT — O5T DSOWET opl| AT
<=0 ”(1“{2%*(14)\/s(re(q)g—rﬁg)@g) + r;(AQ)) log?(n +p+q)

T DEY DT L) + 1. (A2)) log? (n + p + q)
n

+ |DZ$)DT(1)I{2H*(A)\/S(T6(
holds on the event F, where the first inequality follows since the term inside the norm is at most

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

. PN )
Tistnce2 < V326" DEOWIET o[ (AT — (AT lop | Allo

variance,2

. . o K2(A) [sre(A2)log?(n +d +
5|Dz§>1/2||op||z§;>“2wz_1||opA§A§\/ L) ntdtp)

2
_ |DZS)1/2||op’fi(A)\/8r€(A2)IOg (n+d+p)

n

holds on the event F. Therefore,

T S 15032k ( A)\/ s(re(4T 2L +re(A2) log*(n +p + q)
e llop *

variance ~o
n

¥ ||ngg>DT|;g2\/ (k2 (A)re (@47 DY DTEY) + K3(A)re(42) log? (n £ + )

n
(22)
Bound 75.FT. By the same argument as in the proof of Theorem F. 10,
(T5")? = [40ET DEPWRS] AT — @' T DEPWETL AT+ £ (£ 23)
< (24T — @' T)D(DEPV?) 3 IDEL WL AT|E + D (f7)
= [l(@5@5" — @@ 1)@, (DEPV)ED () + EV(f™), (24)

where we used || DSV WP AT2 < | DEPV?)2 = £0(£™). We hypothesize that TS.FT ~

bias

TL°RA by comparing (13) and (23), Here, SVDS(<I>’<I>’TDE§)EETIAT) is the best rank-s approxi-

bias
mation of &’ @’ TDZS)EIZ_CIAT and CID’,OQCI)’,OQTDEQ )WEFEIAT benefits from a rank-r approximation,
where r > s.

2 2 2 2
Eullgm?fiy Note that for any n > 0, (T\,SarilgCe + TbSiafT)2 < (14 77)(TbsiafT)2 +(1+1/n) (T\,Sarilz‘zce)2
olds. Thus

i 2 - 2
ED(, it yuore) < (LE )T + (10 (TSEEL)2

Combined with (22) and (24), this concludes the proof. O

. . 2 . .
Next we characterize the bias terms T{:°* and 7.5 FT under sparsity assumption.
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Lemma F.14. Suppose that Assumption F.4 holds. Then, for a sparse fine-tuned network with the
choice S D Sy, it follows that

pre

ED(FIM) < Tyl < (Tgad™)? < ED(FI™M) + 8262 (Wi )ED (7).

Proof. Note that <I>’§<I>’§T is a projection into a subspace, which is contained in a subspace projected
by ®'®'T. Thus

|@%0%T DEOWEET AT — ¢/¢/T DRO W] AF||2

= (@45 — Ne'e T DEPWET AT
pre  Toopre i) pypreT
= [[(@5®5" — )We+1(We+1)TDZ( Wi AT
= [(@g@gT — W, (T = USTTUSTT) + U TUgTT) (Wi, ) DS AT
——pre 2 2 pre T
= [l(@5@g" = WL, (I = USTUS 1) (W) TDSP WS AT,
where the last equality follows since (®4®%" — )W,y USFT = 0 by definition of &% =

@, (W USFT). Thus

|e%@LT DEOWPe AT — ¢'0 T DRO W AT|12

pre 2 pre i i re T

< |WealZ (1 — U3 FIOSTTTTY (Whs,) T DSO 2|2 s 012 ] At
re T re i

= Wl I=2Whel T2 > Jleg (Wiy,) TDEV?1?

aclde\S
pre pre i
< 8| Wip 12| (W) T DSO2 2

pre

< ORI (W) IDSPY2|E,

where the second inequality follows from ||X{*/ WP At < 1, Assumption F.4 and S D Sp.
The conclusion follows from (13) and (23). L]

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

Given S C [d,] with |S| = s, we define the structured sparse adaptation matrix obtained by S>FT
under population in-distribution risk as

VOSO2FT = arg min ||VH12: s.t. V minimizes R(i)(fé US2FT V)' (25)
174 e

Theorem F.15 (Restatement of Theorem F.8: S?FT Part). Fix S C [d,] with |S| = s. For ijFT
defined in (25),

EO(f, pm ) < EO (1) + 3| @457 (B — BO)SOV2|2
+ 3B (212 — s O1/2g )2

+ 3|2, [ 012 — Wi s01/2q0)|2,

Remark F.16. If there is no covariate shift, i.e., Eg) = Z;(CO) = 3, for some X, Theorem F.15 further
gives the bound

EO(f, ygm yyove) < EO() + 3| 0407 (B - BO)512|?

+3|BULYA(1 — (We, /%) Wi 53/2)) 2.
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Proof of Theorem F.15. With a slight modification to Lemma F.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

F.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 F.17 (In-distribution Excess Risk). For fi' it holds that

ED(fI") = [ DEPVAI — sV (A7) W 20V}
+ (1 = @' T) DR W] (A7) WP, SO R,
Proof of Lemma F.17. Similar to the proof of Theorem F.10, we have
g0 (phutly — AGR%iPdZ_l E [(B(i)x(i) W (WP A)ler_e1x(i)>1
— _min,_ [DSOV2 WL, AW S0
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and

—pre pre

| DEOYE — WL AWE SOVR|E = || WL AW SOV2 — o' TDSPWE) AT |E (26)

=T
i i re T re i
+ | DEDVE(L - SOVEWE ] (A7) B0V |17

=:Ts

+H| (I — @' ) DO W (A% e 502 |12,

::Tg
where we used the fact that the inner products tr (T1T2T ) = tr(T 2T3T ) = tr(TngT ) = 0. By

—=pre

choosing A = (WZH)TDES)EETEIAT for example, the term 77 becomes 0. Thus

—~

EV(fM) = | DEYVA(I — sODVEWEE (A7) W 8
+ (1 = @' T)DEPWT (A7) WP, %
This gives the desired result. O

)R

/22,

8

—
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We obtain the following corollary as a direct consequence of Lemma F.17.
Corollary F.18. For ' it holds that

EN(FM) < [WI(DEPY?)(I — SOV WeT (A%) W 2 02) | €0 ()
+ (1 = @' )2 (DEDY2)||op D (7). 27)
The first term on the right hand side of (27) measures the distance between two subspaces spanned
by U, (DE&1 )/ 2) and U, (WEZES )/ 2). Intuitively, 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.

G Auxiliary Results for Proofs
Lemma G.1. Fix s,dy,ds € N*. Forany A, B € R1*%_if |B — Alop < || Allop and Xs(A) >
As+1(A4) hold, then,

As(A)
As(4) = Ast1(4)

ISVD,(B) — SVDy(A)llr S K2(4) (V3] B = Allop A 1B — Allr).

Proof. By triangle inequality,

ISVD4(B) — SVD,(A)[lr = [|®5(B)®, (B)B — @5(A)®] (A)Allr
< [2:(B)®, (B)(B — A)llr + [|(25(B)®, (B) — @5(A)®, (4)Allr
< V5| B = Allop + [|@5(B)®, (B) — @5(A) @] (A) 7l Allop-

Using Davis-Kahan theorem (Theorem 4 from [73]), and Lemma 2.6 from [11],

o801 (5) - @ (a0 () < AT Gl 21T~ Al

Thus
IAlIZ A2(4)
VD, (B) — SVD,(A)|[r < P s B—A|l,A|B-A
I Allz, As(A)
B — Al B — Allg).
This concludes the proof. O
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We cite the concentration inequality for cross-covariance matrices from [47].

Lemma G.2 (Proposition 9.1 from [47]). Let Z and Z 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 G.3. Suppose that Assumptions F.1 and F.2 hold. Fix any S C [d¢]. Then, there exists an
event F withP(F) =1 — exp(—Q(log2 (n+ p+q))) such that on the event F, for ® € {®', @},

12T DEOWY lop < 1DSDY2lop | Allop, AT lop < 1A lop, (29)
and
. 2(A) [r.(A2)log*(n+p+q)
23t _ A2\t < K5 ( e g pTq
. .(A2) log?

||A—Aopsni<A>||A||op¢ el g mtpta) 61)

; 2)log*(n +p +q)

Tt < kx(A) [re(A?)log pPTq
A" = ATlop S (A - (32)

hold. Furthermore,

@7 (DEO2 — pROY2)Wwhe |,

) Ty () 2 2
S ||E£1)||é]§2”A”0p\/(re((I) e (D) "_Te(;;4 ))log (n+p+q)

(re(@TDEV DT®) + 1, (A2)) log2(n + p + q)
n

+ ||D2§,E>DT||§£2||A||OP\/ (33)

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

n > r.(A?) log?(n + p+ q),

n > r.(20) log?(n + p + q),

n > (re(SE) Are(S0)) log (n +p + q),

n > (re(@TZP®) Are(4%))log* (n +p + q).

n> (T‘e((I)TDES)DT(I)) ATe(A?)) 1og2(n +p+q).
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Using Lemma G.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 +p +
§||A||§p\/ e(A)log (ntp+a) (34)
n
and
. . . (1) (i) 2
1O, lop < ||z£'>||;l{2||z§;>||;f¢ (re(Ee) + (X)) log"(n+p + ) 35)
n

. . . (1) 2

189 — 50l ||z§;>||op\/ re(Zo Jlog ntp+a), (6)
(i i i re i Te @TES)@ +7re(A2)) log?(n +p +

#7020y oW \ops||z£>||é,!2||A||ep\/( (@ e rrdosntrra )

i 1e(®T DSV DT ®) + 1. (A2))log?(n+ p+ ¢
\upff”DEi)DTllif|A|op\/ = ) + 7e(42)) log’( )

|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 > k3 (A)r.(A2)log?(n 4 d + p) by Assumption F.2, and hence rank(A2?) =
rank(A?). Using Theorem 5.2 from [62],

~ ~ -1 ~
(AT = (A%)llop (| Ru(AZ)[A? = A%lop | £ (A)][ A% = A2[Jop
1A% lop RN I1AlI3

Again from Assumption F.2, (34) gives

. ) e(A2) [1(A2)log*(n +p +q)
) = (4%) o 5 A*(Az)\/ !

This yields (30). Proposition 3.2 from [67] and (34) yield,

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

)

HCI)/”T(AQ _ A2)(I)m||op < ||A||gp Te(AQ) logQ(n +p+ Q)
/\i/2((1)/”TA2(I>”') ~ A(A4) 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 +p+q
|A—A|op5n*<A>||A||op\/ (47)log { ) (39)

n

Again using Theorem 5.2 from [62] combined with Assumption F.2, we obtain (32) as

i), < ) [reld2) g £+ )
P~ (A) n

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

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

= H(I)Ti)g) (i i )TE()WPFeT + H(I)T i) (2(1)) (i(zl) i Eg))wzr_e'lr

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

op
S (i i re T
< o750, 0y 0w

) +H<I>T 0. (=)= g )*z;>)mff1
op

op
(i i T
+ 0T DEY — =)W}

x

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

op
= Q1+ R1+ Q2+ Rs.

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

) Ty () 2 2
Ql 5 ||E£1)|(1)I{2A|Op\/(7"e((p D (D) +7’e(A )) log (n+p+q) (41)

)
n

(re(®T DS DT ®) + 1.(A2)) log*(n + p + q)
n

Q- < | Dt DTll”zlep\/ 42)

For the term Ry, using (35) and (40),
(i i S i T
Ry < |Z8 ol T = D) Hlopl ZD 1 > ISP 2 W [lop

=L 17 [ Allop ¢ (re(E) +re(9) log?(n + p + q) \/re@;”) log?(n +p + q)
3 (2) n "

Vre @) 0 (29) 1o (29)) log? (1 4 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(ED) + 7 (S9)) log2(n+p+q) [r(S9) log?(n + p+ q)
< ||<z;>>*||§f||A||op||2£>||éf||zg>|;°;52\/ : :

n n

S (re(EF) + 1 (89)) log?(n +p + q)

)

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

n

where we used ||(28)]lop < (Z9)1]op by Assumption F.2 combined with (40). Again from
Assumption F.2, Ry + R» is bounded by the right hand side of (41). Therefore,

A i T
1T (DD — DEP)WFE | lop

Ty () 2)) Jog?
S 59 ||1/2||A||0p\/ Lk kAL Skl As)
n

+IDEY DT 24 \/ (re(@T DS DT®) +r.(4) log? (n £ p +0)
x op op n .

Finally, from Assumption F.2, we obtain [|®T DS W lop < (1258 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 F.

. 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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