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Abstract

The rapid growth of large language models
(LLMs) with traditional centralized fine-tuning
emerges as a key technique for adapting these
models to domain-specific challenges, yielding
privacy risks for both model and data owners.
One promising solution, called offsite-tuning
(OT), is proposed to address these challenges,
where a weaker emulator is compressed from
the original model and further fine-tuned with
adapter to enhance privacy. However, the exist-
ing OT-based methods require high computa-
tional costs and lack theoretical analysis. This
paper introduces a novel OT approach based
on gradient-preserving compression, named
GradOT. By analyzing the OT problem through
the lens of optimization, we propose a method
that selectively applies compression techniques
such as rank compression and channel pruning,
preserving the gradients of fine-tuned adapters
while ensuring privacy. Extensive experiments
demonstrate that our approach surpasses exist-
ing OT methods, both in terms of privacy pro-
tection and model performance. Our method
provides a theoretical foundation for OT and
offers a practical, training-free solution for
offsite-tuning of large-scale LLMs.

1 Introduction

Recent years have witnessed the rapid growth of
large language models (LLMs)(Devlin et al., 2019;
Radford et al., 2019; Touvron et al., 2023; Du
et al., 2022; Dong et al., 2024; Wies et al., 2024),
whose centralized fine-tuning (Wortsman et al.,
2022; Zhou et al., 2022; Wei et al., 2022; Ouyang
et al., 2022; Tan et al., 2024; Liu et al., 2024a;
Yao et al., 2024) is a common approach for adapt-
ing them to more complex, domain-specific tasks.
However, the required co-location of the model and
data raises risks of jeopardizing the privacy of both
their owners (Chua et al., 2023; Xiao et al., 2023;
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Figure 1: Illustration of our proposed Gradient-
preserving Offsite-tuning (GradOT).

Li et al., 2020; Zou et al., 2023; Ye et al., 2024; Liu
et al., 2024b), posing significant barriers to LLMs’
applications on sensitive downstream fine-tuning.

Offsite-tuning (OT) (Xiao et al., 2023) has
emerged as a promising solution to safeguard the
privacy of both data and model owners. Fig. 1 illus-
trates the process of our proposed method, which
follows the general process of OT methods. As
seen from this process diagram, OT-based meth-
ods usually involve lossy compression of the large
language model into a smaller, weaker version, de-
fined as an emulator on the model owner’s side.
The adapter is further fine-tuned on the compressed
emulator with the data sent by data owners and will
be returned to the model owner after fine-tuning,
replacing the original adapters to form the fully
adapted model.

There are two crucial objectives in OT-based
fine-tuning: (1) Privacy protecting aims to inten-
tionally increase the performance gap between the
finetuned emulator and the fully finetuned model.
(2) Performance preserving aims to, on the con-
trary, improve the performance of the final plug-in
model. The development of a feasible lossy com-
pression method that optimizes these two objec-
tives is the key challenge in this field. OT (Xiao
et al., 2023) attempted to achieve offsite-tuning
by leveraging LayerDrop (Sajjad et al., 2023) and
knowledge distillation (Sanh et al., 2019; Hinton
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Figure 2: Diagram of gradient preserving of adapters
through emulators.

et al., 2015), which requires high computational
cost and hinders its application in practices on large-
scale LLMs. Following this, CRaSh (Zhang et al.,
2023a) used repetitive shared layers to replace
dropped layers, proposing a novel training-free OT
method. In addition, another noteworthy method
termed ScaleOT (Yao et al., 2025) proposed to esti-
mate the layer-wise importance with reinforcement
learning and replace the less important layers with
lightweight modules, significantly improving the
privacy protection and final fine-tuned model per-
formance. These OT-based approaches not only
ensure privacy for both the data and the model
but also encourage the use of the fully adapted
model, fostering a mutually beneficial relationship
between the data and model owners. However, they
heavily rely on empirical validation and lack the-
oretical analysis, which limits the development of
OT-based methods and their practical applications.

In this paper, we take the first step in analyz-
ing the OT problem from an optimization perspec-
tive. We formally define the OT objective, showing
that the problem centers on maximizing privacy
while minimizing the gradient discrepancies be-
tween the adapters and the compressed emulator,
which has not yet been explored in this field. By
approximating this formal objective, we introduce
a gradient-preserving compression score, which is
used to construct the emulator. As shown in Fig. 2,
our gradient-preserving compression score (GSC)-
based framework coordinates adapter optimization
through joint training with the original model and
compressed emulators, achieving dual objectives
of maintaining task performance in the final plug-
in model and enforcing privacy preservation via
gradient consistency mechanisms. As shown in
Fig. 2, our gradient-preserving compression score
(GSC)-based method maximizes the adapters that
are trained with the original model and emulators,
ensuring the performance of the final plug-in model.
Then, we propose a novel training-free approach
called gradient-preserving offsite tuning (GradOT)
as shown in Fig. 1, which focuses on preserving

the gradients of adapters to enhance privacy in the
context of OT. Inspired by Yao et al. (2025), our
method applies different compression techniques to
different blocks within the LLM. Specifically, we
use Dynamic Rank Decomposition (DRD) for the
MHA and Selective Channel Pruning (SCP) for the
MLP. Importantly, our compression is performed
based on the scores, ensuring gradient preservation
while allowing for increased loss, which enhances
both performance and privacy.

Extensive experiments demonstrate that our
method outperforms previous approaches. Our con-
tributions are as follows:

• We formally define the OT problem and
present its tractable objective. Based on the
objectives, we derive the gradient-preserving
compression score for OT tasks.

• Integrating the gradient-preserving compres-
sion score, we propose a novel training-free
OT method named GradOT, which consists
of Dynamic Rank Decomposition (DRD) and
Selective Channel Pruning (SCP).

• Extensive experiments on various LLMs
and datasets showcase the effectiveness of
our GradOT, validating the efficacy of our
gradient-preserving compression score.

2 Related Work

Large Language Models. As models grow in size
and complexity, pre-trained Large Language Mod-
els (LLMs) have demonstrated impressive perfor-
mance across various natural language processing
(NLP) tasks (Touvron et al., 2023; Brown et al.,
2020). These models possess extensive general
knowledge, enabling them to effectively address un-
known problems through zero-shot learning or in-
context learning (Li et al., 2020; Zou et al., 2023).
Nonetheless, when dealing with complex problems,
transfer learning with a small dataset remains the
preferred choice, as it avoids costly retraining and
leverages pretrained knowledge for better perfor-
mance. Offsite tuning, a subset of transfer learning,
aims to utilize the knowledge of LLMs for down-
stream tasks while ensuring bidirectional privacy
between the model and the data sites.

Offsite-tuning. In contrast to traditional pri-
vacy approaches that emphasize data, such as fed-
erated learning (Nguyen et al., 2021) and differ-
ential privacy (Singh et al., 2024), offsite tuning
methods (Hong et al., 2024; Xiao et al., 2023) pri-
oritize model privacy. Previous research has pri-
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marily relied on empirical experiments. For exam-
ple, OT (Xiao et al., 2023) determined through
experiments that LayerDrop meets offsite tun-
ing objectives, whereas pruning and quantization
are challenging to implement. Building on this,
CRaSh (Zhang et al., 2023a) enhanced perfor-
mance by sharing remaining layers after layer drop-
ping. ScaleOT (Yao et al., 2025) introduced lay-
erwise importance to preserve critical layers and
replace less significant ones with lightweight mod-
ules. Despite their efficacy, the absence of the-
oretical analysis has constrained further develop-
ment. Furthermore, analyzing layer-based methods
is challenging due to significant structural differ-
ences among various models. This paper offers a
theoretical analysis from the perspective of weights
and provides a universally effective indicator tai-
lored for offsite tuning.

3 Method

3.1 Theoretical Motivation

We address privacy concerns that hinder the sharing
and co-location of data and LLMs between their
respective owners, aiming to tune the model using
the data owner’s data while avoiding access to the
model owner’s weights. The goal of offsite-tuning
is to address the privacy concerns of both data and
model owners by indirectly sharing original data
and models. Typically, the model owner offers the
adapters with an emulator that is compressed from
the original model middleweights for data owners
to fine-tune on their side. Those tuned adapters
would be returned and combined with the original
model’s middleweights as the final tuned model.

Following previous works (Yao et al., 2025), the
goal of offsite tuning is to find a lossy compression
function F that compresses a full model M into
an alternative, smaller, and weaker model M̂. Sim-
ilar to previous works (Xiao et al., 2023; Zhang
et al., 2023a) and for simplification, we denote
M = A2 ◦ E ◦ A1(·), where A = [A1, A2] de-
notes the trainable top and bottom layers of full
model, and E represents the frozen middle layers.
The compressed version M̂ = Â2 ◦ Ê ◦ Â1(·)
where Ê = F(E), Â2 = A2, Â1 = A1 is used
as the initialization for the fine-tuning at the data
owner side. Then, the data owner fine-tunes the
adapters with Ê resulting in the Emulator Fine-
tuned model denoted as M̂′ = Â′

2 ◦ Ê ◦ Â′
1(·).

The trained adapters Â′
1, Â′

2 are then returned to
the model owner to merge, combining as the fi-

nal Plug-in model M∗ = Â′
2 ◦ E ◦ Â′

1(·). Sim-
ilarly, we also denote the directly fine-tuned M
as M′ = A′

2 ◦ E ◦ A′
1(·), where A′

1,A′
2 are the

fine-tuned adapters with original E .
Following the method of Lagrange multiplier,

given a downstream dataset D that consists of train-
ing Dtrain and testing Dtest sets, the objective of
offsite tuning is to find F to minimize the test loss
gap between M∗ and M′ while maximize the loss
discrepancy between M∗ and M̂′:

min
F

L(M∗, Dtest)− L(M′, Dtest)︸ ︷︷ ︸
Term (1): Plug-in performance preserving

−λ
(
L(M∗, Dtest)− L(M̂′, Dtest)

)

︸ ︷︷ ︸
Term (2): Privacy protecting

(1)

s.t. min
Â′

1,Â′
2

L(M̂′, Dtrain), min
A′

1,A′
2

L(M′, Dtrain)

︸ ︷︷ ︸
Conditions

where L(·,D) = 1
|D|

∑
(xi,yi)∈D ℓ(·, xi, yi) is the

average task loss of any given model on the dataset,
λ controls the privacy and utility trade-off of the
offsite-tuning method, ℓ denotes the task loss func-
tion.

In this article, we explore the theoretical aspects
of compressing models to achieve the goals of off-
site tuning. In the following sections, we will first
present our theoretical foundation and then propose
methods to align with this framework.

3.2 Forming Objectives of OT through the
Perspective of Gradient

This paper seeks an approach that meets Eq. (1)
of offsite tuning from the perspective of model
weights and optimization. Specifically, we can
regard the compression of weights as adding the
noise δ to the weights, i.e., ŵ = w + δ. Given
model with n layers, M = {m1,m2, . . . ,mn},
the loss of this model is:

ℓ(w, xj , yj) = L(mn(mn−1(· · ·m1(xj ,

w1) · · · , wn−1), wn), yj),
(2)

where W = {w1, w2, · · · , wn} denote the weight
of each layer of M in order. Considering the com-
pressed weight Ŵ = {ŵ1, ŵ2, · · · , ŵn}, we only
compress the weights of middle layers to generate
the emulator, and the loss of emulator M̂ is:

ℓ(ŵ, xj , yj) = L(mn(mn−1(· · ·m1(xj ,

ŵ1) · · · , ŵn−1), ŵn), yj),

ŵi =

{
wi + δi if n1 ≤ i ≤ n2

wi otherwise
,

(3)
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where n1 and n2 are the start and end layer index
of the emulator.

Considering Term (1), the main problem is fig-
uring out how much the gradients of the ith layer’s
weight wi would change while adding δ to the orig-
inal model weights, which can be formed as:

min∇wiℓ(ŵ)−∇wiℓ(w). (4)

In practice, it is almost impossible to estimate
the gradient variations of the adapters through all
layers of the emulator simultaneously due to mem-
ory limitations and computational cost. Based on
the Chain Rule, we minimize the gradient varia-
tions of each layer, which ultimately presses the
gradients of the adapters. Therefore, focusing on
the gradient changes for a given weight wi that de-
noted as ∇wiℓ(w), while applying δi, we have the
following according to Taylor expansion:

∇wiℓ(ŵ) = ∇wiℓ(w + δ)

≈ ∇wiℓ(w) +
∂2ℓ

∂w2
i

δi + higher-order terms,
(5)

where those higher-order terms can be omitted, and
∂2ℓ
∂w2

i
is the partial hessian matrix of full model.

We then maximize the loss gap. To seek a
tractable approximation of it, we need to expand
ℓ(w) and ℓ(ŵ) in the form of the total differential.
We remind readers of the total differential of the
model.

Theorem 3.1 The sum of the products of each par-
tial derivative and the corresponding small change
in the weight variable can estimate the increment
in the loss function at a given point.

Theorem 3.1 is the expression of the concept of
total differential in weight factorization in neural
networks. Through the definition of total differ-
ential and Theorem 3.1, we can build the connec-
tions between ℓ(w) and ℓ(ŵ). For the differentiable
function ℓ with the small variable δ, the following
equation is established:

ℓ(ŵ) = ℓ(w) +

n2∑

i=n1

∂ℓ

∂wi
⊙ δi, (6)

where ⊙ is the inner product. Eq. (6) is obvi-
ous since ŵi − wi = δi (see more details in Ap-
pendix A.1).

To achieve the goal of offsite tuning, a feasible
solution is to ensure the gradient of the emulator

is as close to raw as possible, but the divergence
between the values of losses should be large:

min
δ∈∆

|∇wiℓ(ŵ)−∇wiℓ(w)|

− λ(ℓ(ŵ)− ℓ(w)),

≈
n∑

|| ∂
2ℓ

∂w2
i

δi||1
︸ ︷︷ ︸
For Eq. (1) Term (1)

−λ(

n∑ ∂ℓ

∂wi
⊙ δi)

︸ ︷︷ ︸
For Eq. (1) Term (2)

.
(7)

3.3 Deriving OT method through
Training-free Compression

This section demonstrates how to achieve Eq. (7)
empirically. We concentrate on the design
of offsite-tuning for the Transformer architec-
ture (Vaswani et al., 2017), which is extensively
used in LLMs (Radford et al., 2019; Brown et al.,
2020; Touvron et al., 2023). A typical Trans-
former (Vaswani et al., 2017) layer is composed of
two blocks: the Multi-Head Attention (MHA) and
the Multilayer Perceptron (MLP). The MHAs fa-
cilitate interactions among tokens, while the MLPs
further process information transformation within
tokens. As the overall method shown in Fig. 3 (a),
we specifically employ Dynamic Rank Decomposi-
tion (DRD) on MHA and Selective Channel Prun-
ing (SCP) on MLP as illustrated in Fig. 3 (b). Both
compression methods rely on Eq. (7) to achieve op-
timal offsite-tuning. For each compressed weight
ŵi, we compute the Gradient-preserving Compres-
sion Score (GCS) for weight noise δi as follows:

GCS(δi) = || ∂
2ℓ

∂w2
i

δi||1
︸ ︷︷ ︸
Score Term (1)

−λ
∂ℓ

∂wi
⊙ δi

︸ ︷︷ ︸
Score Term (2)

. (8)

where the Score Term (1) and (2) correspond to the
Eq. (1) Term (1) and (2), respectively. Our goal
is to determine δi by minimizing the scores while
adhering to the given compression ratio. We set
different trade-off factors λmha and λmlp for MHA
and MLP, respectively.
Dynamic Rank Decomposition. Rank compres-
sion is an effective matrix compression strategy,
which reduces the size of a weight matrix by de-
composing it into the product of two low-rank ma-
trices. Considering the weight of a linear layer, de-
noted as W ∈ Rdo×di , we utilize truncated Singu-
lar Value Decomposition (SVD) (Eckart and Young,
1936) as:

W = UΣV T . (9)
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Figure 3: Overview of our Gradient-preserving Compression Score (GCS) guided compression strategy.

For each weight in the MHA, given the com-
pression ratio rmha, we generate the compressed
weight as follow,

Ŵ = BA,A = V T
s,:,B = U :,sΣs,s,

s.t.min
s

GCS(Ŵ −W ), |s| = rmhadido
di + do

,
(10)

where A ∈ R|s|×di , B ∈ Rdo×|s|, s is the set
of the rank index containing |s| elements, Σs,s

contains the selected singular values, and U :,s and
V s,: are the corresponding singular vectors. To
ensure accurate scoring, we consistently select the
top 5% of ranks due to the constraint that δi should
not be excessively large.
Selective Channel Pruning. For expressive capa-
bility, the MLP’s intermediate dimension is empir-
ically set to be very high, significantly exceeding
its input and output dimensions. Formally, the for-
mulation of MLP blocks is as follows:

fMLP(X) = σ(XW up)W down, (11)

where W up ∈ Rdh×dint , W down ∈ Rdint×dh , σ is
the activation function, dh and dint denote hidden
dimension and intermediate dimension of LLM re-
spectively, dh ≪ dint. Similar to Eq. 10, given
compression ratio rmlp, we search for the optimal
subset s within the intermediate dimension to re-
duce parameters:

f̂MLP(X) = σ(XW up
:,s)W

down
s,: ,

s.t.min
s

[GCS(W up
:,s −W up)+

GCS(W down
s,: −W down)], |s| = rmlpdint.

(12)

Approximation of Hessian Matrix. In our score,
we have to calculate the partial Hessian of each
linear in the emulator. Directly computing a lin-
ear’s partial Hessian matrix demands substantial

Algorithm 1 Gradient-preserving Compression
1: Requires: The LLM M with n layers, the support

dataset Dsup, compression ratios rmha and rmlp, trade-
off factors λmha and λmlp.

2: for all i ∈ {1, . . . , |Dsup|} do
3: Compute the loss ℓ(w, xi, yi)
4: Perform backpropagation
5: Accumulate gradients

∑
∂ℓ
∂wi

6: Accumulate approximate second-order gradients∑
∂2ℓ
∂w2

i
using Eq. (13)

7: Initialize Emulator Ê and Adapter Â
8: for all wi ∈ Ê do
9: if wi belongs to MHA then

10: ŵi = DRD(wi, rmha, λmha) based on Eq. (10)
11: else if wi belongs to MLP then
12: ŵi = SCP(wi, rmlp, λmlp) based on Eq. (12)
13: return Ê , Â

computational resources, particularly for LLMs.
(Radhakrishnan et al., 2024) also highlights that
the features extracted by a given neural network
layer are proportional to the average gradient outer
product with respect to the input of that layer. Con-
sequently, one feasible solution (Kunstner et al.,
2019) is to estimate the Hessian using Fisher Infor-
mation. Nonetheless, estimating the entire Hessian
matrix remains exceptionally challenging because
the full Hessian or Fisher matrix is a P ×P matrix,
where P represents the number of parameters.

To mitigate this challenge, we utilize a
Kronecker-factored approximation (KFAC) of indi-
vidual weight matrices (Daxberger et al., 2021; Rit-
ter et al., 2018; Yang et al., 2024), approximating
the Fisher matrix through block structures within
each linear layer. For the ith linear layer, we com-
pute the block by denoting the input as ai−1 and
output as bi. Then, the partial Hessian can be esti-
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Method Setting OBQA PIQA ARC-E ARC-C Hella. SciQ WebQs RACE Avg. ∆ ↑
Full Large Language Model

Zero-shot (ZS) 23.4 71.6 56.9 23.5 41.5 84.4 4.6 34.2 42.5 -Fine-tuning (FT) 31.4 75.2 61.3 27.7 42.7 92.5 31.2 37.0 49.9

Post-Training Compression

OT
Emu. ZS ↓ 19.4 68.7 53.9 21.5 35.1 80.9 1.3 33.0 39.2

2.4Emu. FT ↓ 24.8 71.6 58.1 26.1 37.0 92.2 24.3 38.6 46.6
Plug-in ↑ 29.0 74.5 59.4 27.8 43.3 92.9 26.2 38.9 49.0

ScaleOT
Emu. ZS ↓ 17.2 63.1 41.8 19.5 32.1 59.9 0.1 27.2 32.6

3.7Emu. FT ↓ 27.2 70.9 52.5 26.5 37.8 90.0 25.3 39.1 46.2
Plug-in ↑ 28.2 75.2 61.9 28.3 42.9 94.0 28.2 40.8 49.9

Training-free Compression

OT†
Emu. ZS ↓ 13.8 58.4 34.9 19.0 27.0 49.8 0.0 22.7 28.2

3.3Emu. FT ↓ 24.6 69.3 50.4 21.2 32.7 89.4 21.8 36.5 43.2
Plug-in ↑ 26.4 72.7 58.3 23.0 41.2 90.8 21.4 37.9 46.5

CRaSh
Emu. ZS ↓ 14.0 57.0 35.9 18.5 25.9 84.3 4.7 34.2 34.3

4.8Emu. FT ↓ 25.0 68.9 50.0 21.5 33.6 88.9 21.8 38.9 43.6
Plug-in ↑ 30.2 73.2 60.0 24.8 41.9 93.1 23.7 39.9 48.4

GradOT
Emu. ZS ↓ 12.2 55.8 33.8 18.0 26.9 49.4 0.0 22.3 27.3

4.8Emu. FT ↓ 27.0 70.2 51.1 23.8 33.6 88.2 28.4 38.7 45.0
Plug-in ↑ 30.8 73.6 61.3 27.6 41.7 93.9 29.2 40.6 49.8

Table 1: Comparative results of offsite-tuning with OPT-1.3B on eight datasets. ∆ denotes the performance
difference between Emulator (Emu.) fine-tuning and Plug-in. † denotes OT without knowledge distillation. Best in
bold and second best in underline.

mated by the following,

∂2ℓ

∂w2
i

≈ 1

|D|
∑

(xi,yi)∈D
[(ai−1a

T
i−1)⊗ (gig

T
i )], (13)

where gi = ∂ℓ
∂bi

is the gradient of bi, ⊗ denotes
Kronecker-factored multiplication.
Overall. By leveraging the proposed scoring for
the offsite-tuning objective, we can effectively as-
sess the impact of weight noise on both loss and gra-
dient metrics by utilizing the gradients and second-
order derivatives of the original network. This
method demonstrates greater efficiency compared
to traditional approaches. Consequently, we intro-
duce a support dataset Dsup to compute relevant
values necessary for the score computation. No-
tably, for an identical network, we only need to per-
form the statistical analysis once, thereby substan-
tially reducing computational demands and time, as
shown in Appendix B.1. Additionally, during the
compression phase, we sequentially compress each
weight in the emulator and determine the optimal
results based on the calculated scores, significantly
enhancing both efficiency and performance, as de-
tailed in Appendix A.2. Our method is detailed in
Algorithm 1 for clarity.

4 Experiments

4.1 Experimental Setup
Datasets. We validate our method across
eight commensense datasets following previ-
ous works (Yao et al., 2025), including Multi-
Choice QA: OpenBookQA (Mihaylov et al., 2018),
PIQA (Bisk et al., 2020), SciQ (Welbl et al., 2017),
RACE (Lai et al., 2017); Closed-Book QA: ARC-
Easy/Challenge (Clark et al., 2018); and Sentence
Completion: HellaSwag (Zellers et al., 2019). We
use lm-eval-harness * to evaluate LLMs for
a fair comparison. In order to preserve the pri-
vacy of the target datasets, we adhere Zhang et al.
(2023a) to generate the supporting dataset from the
same tasks, resulting in a total of 1,500 samples
across BoolQ (Clark et al., 2019), TriviaQA (Joshi
et al., 2017), and CoPA (Wang et al., 2019).
Models. We evaluate our method on large language
models, including OPT-1.3B (Zhang et al., 2023b),
OPT-6.7B (Zhang et al., 2023b), LLaMA-7B, and
LLaMA-13B (Touvron et al., 2023). In line with
previous studies (Xiao et al., 2023), we consistently
select the first and last two layers as adapters, mean-
ing that only about 10% of the parameters are fine-
tuned, as opposed to full fine-tuning. The remain-

*https://github.com/EleutherAI/lm-evaluation-harness
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Setting OBQA PIQA ARC-E ARC-C HellaSwag SciQ WebQs RACE Avg.

OPT-6.7B

Full Model ZS 27.6 76.2 65.5 30.6 50.5 90.1 8.8 38.2 48.4
Emulator ZS 19.6 68.8 53.6 24.7 38.1 83.0 2.4 31.6 40.2
Emulator FT 28.4 73.6 64.5 30.9 46.0 93.1 23.4 41.5 50.2

Post-training Compression
ScaleOT Plug-in 33.2 78.1 70.1 35.3 52.2 95.7 33.9 45.3 55.5

Training-free Compression
OT† Plug-in 33.8 77.7 66.8 33.9 52.1 91.9 23.9 44.1 53.0

CRaSh Plug-in 38.8 78.0 70.7 36.3 53.4 95.3 26.1 45.2 55.3
GradOT Plug-in 34.8 78.0 70.0 34.8 52.4 95.3 32.7 45.1 55.4

LLaMA-7B

Full Model ZS 28.2 78.3 67.3 38.2 56.4 89.7 0.0 40.0 49.8
Emulator ZS 23.0 72.1 52.8 30.0 45.2 72.6 0.0 32.3 41.0
Emulator FT 30.6 76.3 63.3 32.6 49.4 91.8 29.6 43.2 52.1

Post-training Compression
ScaleOT Plug-in 37.4 79.7 73.2 42.3 58.1 95.7 33.7 45.6 58.2

Training-free Compression
OT† Plug-in 33.0 78.8 69.6 39.0 57.4 83.5 27.3 44.0 54.1

CRaSh Plug-in 34.6 80.0 71.3 41.8 58.4 95.1 29.8 45.6 57.1
GradOT Plug-in 33.8 80.5 72.8 41.7 57.9 95.4 38.3 44.8 58.2

Table 2: Comparative results of offsite-tuning with large-size language models on 8 question answering benchmarks.

Setting OBQA ARC-E ARC-C WebQs

Full Model ZS 30.6 74.5 43.9 0.0
Emulator ZS 24.0 51.8 30.2 0.0
Emulator FT 32.6 66.7 39.2 37.9

OT† Plug-in 34.4 76.5 43.8 35.4
GradOT Plug-in 36.2 77.8 50.1 48.1

Table 3: Comparative results of offsite-tuning on
LLaMA-13B.

ing layers are then lossy compressed to generate
the emulator. For compression, we set [rmha, rmlp]
to [0.4, 0.7] for 1.5B model and [0.5, 0.8] for 7B
models, resulting in emulators with 60% and 70%
parameters respectively. We present implementa-
tion details about experiments in Appendix A.3.

4.2 Main Results

We conduct a comprehensive comparison of our
method’s offsite tuning performance against exist-
ing state-of-the-art (SoTA) methods. For training-
based methods, our comparison includes OT (Xiao
et al., 2023) and ScaleOT (Yao et al., 2025), while
for training-free methods, we compare with Uni-
form LayerDrop (achieved by OT without knowl-
edge distillation) and CRaSh (Zhang et al., 2023a).
Meanwhile, we present the results of full model
zero-shot (ZS) and fine-tuning (FT), which act as
the baseline for this study.

Table 1 presents the comparative results of off-

site tuning on medium-sized models. All meth-
ods meet the offsite tuning conditions, meaning
the plug-in’s performance surpasses both the full
model ZS and emulator FT. However, there remains
a significant gap between the plug-in and full model
FT performances, particularly for CRaSh and OT†.
Nonetheless, our method achieves promising plug-
in results, with performance only slightly lower
than that of full model FT. On the other hand,
when compared with the SoTA lossless offsite-
tuning method, ScaleOT, which utilizes dense post-
training compression, our method offers superior
privacy protection. Notably, our approach achieves
the lowest emulator ZS performance, highlighting
the efficacy of the proposed scoring mechanism
that amplifies task loss. Overall, our method de-
livers the best privacy-utility trade-off, making it
a promising alternative to existing training-based
methods.

We subsequently validated the effectiveness of
our method when scaling up to larger models, in-
cluding OPT-6.7B, LLaMA-7B and LLaMA-13B,
as shown in Table 2 and Table 3. The results demon-
strate that our proposed method exceeds previous
training-free OT methods and achieves competi-
tive plug-in performance compared to the existing
post-training method, ScaleOT. Notably, we signif-
icantly outperform the training-free methods, OT
and CRaSh, by an average of 4.1% and 1.1% on
the LLaMA-7B model. Additionally, we consis-
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DRD SCP r
OBQA ARC-C SciQ

P.in ∆ P.in ∆ P.in ∆

- - 1.0 31.4 0.0 27.7 0.0 92.5 0.0
- ✓ 0.8 34.0 2.0 29.5 1.7 93.3 1.3
✓ - 0.8 31.0 3.4 28.3 3.4 93.1 2.6
✓ ✓ 0.6 30.8 3.8 27.6 3.8 93.9 5.7

w/o S ✓ 0.6 30.0 -0.2 28.9 4.0 93.8 4.2
✓ w/o S 0.6 29.8 1.0 25.8 4.4 93.0 3.5

Table 4: Ablation study. r denotes the overall parameter
ratio of the emulator Ê maintained from the original
E , while w/o S represents the compression without our
proposed score.

tently outperform OT on the LLaMA-13B model,
further demonstrating our method’s effectiveness
on larger models.

One significant advantage of GradOT is its ef-
ficiency. As further detailed in Appendix B.1,
GradOT requires significantly less time to achieve
results comparable to SoTA post-training methods.

4.3 Analytical Studies

This section presents key analytical studies while
Appendix B provides additional analysis.
Impact of different components. The ablation
study results, as presented in Table 4, provide valu-
able insights into the impact of the different compo-
nents proposed on performance across the OBQA,
ARC-C, and SciQ datasets. We selected OBQA and
SciQ as they represent the most and least challeng-
ing multi-choice QA datasets among the candidates,
allowing us to assess GradOT’s effectiveness across
different difficulty levels. Additionally, ARC-C, be-
ing the most challenging Closed-Book QA dataset,
helps validate our proposed components for such
tasks.

It is evident that the sole application of SCP im-
proves plug-in performance but yields weak privacy
protection, as indicated by the modest ∆ = 1.3. In
contrast, using only DRD significantly enhances
∆ compared to SCP alone, though it may lead to
degradation in plug-in model performance. The
combined use of both DRD and SCP achieves the
highest compression ratio with the lowest r while
also delivering the best ∆. Furthermore, this com-
bination results in plug-in performance comparable
to that of the non-compressed model, confirming
the effectiveness of both the DRD and SCP compo-
nents. Additionally, a comparison of the fourth-row
results to the last two rows highlights the impor-
tance of the gradient-preserving compression score.
Without this score, both plug-in performance and

Figure 4: Visualization of the loss landscape of the ini-
tialization weights and optima obtained through GradOT
and full model fine-tuning. The loss level of Emu. FT
with GradOT is also highlighted.
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Figure 5: Comparison of different data types for statisti-
cal analysis in terms of plug-in results of our method.

∆ experience a notable decline, underscoring the
critical role of the proposed score in ensuring ro-
bust performance and privacy preservation. These
findings collectively validate the efficacy of the
individual components and the proposed score in
achieving the desired balance between model com-
pression, performance, and privacy protection.
Loss Landscape Analysis. Fig. 4 visualizes the
loss landscape, illustrating that both the initial-
ization weights and the optima obtained through
GradOT and full model fine-tuning lie within the
same basin and at the same level. This observa-
tion suggests that our gradient-preserving approach
enables Â′ to converge to the same level as A′,
demonstrating the effectiveness of GradOT. No-
tably, the loss for Emu. FT with GradOT is po-
sitioned significantly further from both the fully
fine-tuned and the GradOT Plug-in models, high-
lighting that GradOT sufficiently preserves privacy.
Impact of Data Type for Support Dataset. To
protect the privacy of downstream data, we use a
separate supporting dataset exclusively for statisti-
cal analysis to compute the first- and second-order
derivatives, which are then used to calculate the
Score. As shown in Fig. 5, we compare support
datasets with general tasks using WikiText as the
general dataset and the downstream dataset directly.
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The results obtained from the downstream dataset
are significantly better than those from the general
dataset. This is likely due to the differing contri-
butions of various weights for general and down-
stream tasks. The support dataset yields the best
results, even surpassing the downstream data. We
hypothesize that this may be due to the supporting
dataset containing multiple datasets, offering bet-
ter generalization for downstream tasks. In future
work, we will explore how to select the support
dataset to maximize generalizability.

5 Discussions

Effect of Gradient Gap Term. One may notice
that previous studies (Kim et al., 2024; Osawa et al.,
2023; Ren and Zhu, 2023) conduct importance es-
timation for model compression through the per-
spective of Fisher information, whose efficacy has
been validated. Our methods also connect to these
researches as we adapt Fisher information, but it is
used to evaluate the gradient variations. Our results
indicate that preserving the gradient of adapters
based on Fisher information is feasible.
Indicator for Other Methods. Besides the ef-
fective proposed GradOT, our gradient-preserving
compression score also serves as an indicator
for general offsite-tuning-oriented compression
methods, such as feature-based low-rank compres-
sion (Ji et al., 2024). Possible applications in
broader cases can be explored in future work.

6 Conclusion

This paper demonstrates that the OT problem can
be reformulated into a gradient-based form, from
which the gradient-preserving compression score
is derived. We introduce GradOT, a method that
combines Dynamic Rank Decomposition and Se-
lective Channel Pruning, both of which utilize the
gradient-preserving compression score. Extensive
experiments and analyses suggest that GradOT of-
fers a promising solution for OT tasks.
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Limitation

One limitation of our approach is that the overall
design of the proposed GradOT is based on the ap-
plication to the transformer-based architecture, as
described in Section 3.3. Therefore, GradOT may

not be feasible for non-transformer-based models,
e.g., Mamba. Notably, due to limited resources, we
were unable to validate LLMs like the LLaMA3
70B. These larger models demonstrate enhanced
language comprehension capabilities and, as a re-
sult, deliver superior performance.
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A More Details of Our Method

A.1 Total Differential Details
Given a function f(x1, x2, . . . , xn) with variables
x1, x2, . . . , xn, its total differential df can be ex-
pressed as:

df =
n∑

i=1

∂f

∂xi
dxi, |dxi| < ϵ, (14)

where ϵ is a small value. By considering the sample
as a constant and treating w as the input x, with
f = ℓ(w) representing the loss calculation, we can
derive the total differential of ℓ(w) as follows:

∂ℓ(w) =

n2∑

i=n1

∂ℓ

∂wi
⊙ dwi. (15)

dwi can be considered as the δi between wi and ŵi.
Therefore, we have:

ℓ(ŵ)− ℓ(w) =

n2∑

i=n1

∂ℓ

∂wi
⊙ δi, (16)

where ⊙ is the inner product.

A.2 Efficient Compression
To reduce time and computational cost during
model compression, we calculate and rank the
scores of each weight component in ascending or-
der, then select the top K components to satisfy the
compression rate requirement. Specifically, in the
Dynamic Rank Decomposition (DRD) method, a
given weight component w(k) is expressed as the
product of the kth eigenvalue and its corresponding
eigenvector:

wk = U :,kΣk,kV
T
k,:. (17)

Conversely, the Selective Channel Pruning (SCP)
method represents the weight of the kth channel:

wk = {W up
:,k,W

down
k,: } (18)

We then compute the scores of these weight com-
ponents GCS(w(k)) and, upon completion, select
the components with the highest K scores to ag-
gregate them δi =

∑
w(k), where the selected in-

dex set is s = {k|Score(w(k)) < Score(w(K))}.
This approach enables us to calculate the weight
scores once, selecting those corresponding to the
top K scores in both DRD and SCP methods,
thereby achieving compression. It is important to

acknowledge that this method may introduce some
errors during score calculation, as || ∂2ℓ

∂w2
i
δi||1 ≤

∑ || ∂2ℓ
∂w2

i
w(k)||1; however, it substantially enhances

computational efficiency and eliminates the need
for search techniques. This strategy significantly
enhances the efficiency of the model compression.

A.3 Implementation Details
For downstream training, we employ the AdamW
Optimizer with a grid search of learning rates. We
perform a learning rate tuning process on a grid of
values and report the runs with the highest emulator
performance, where {2e-5, 5e-5, 1e-4, 2e-4, 3e-4}
for OPT-1.3B, OPT-6.7B, and LLaMA-7B. Due
to the large range differences in our scoring cal-
culations, we roughly searched for λ within {1e1,
1e2, 1e3, 1e4, 1e5}, which implies that better pa-
rameters might exist if a more refined search is
conducted. All experiments are conducted on a
workstation with one A100 80G.

A.4 Dataset Statistics
For downstream tasks, the detailed dataset statistics
can be referred to Table 5. Meanwhile, we show-
case the instructions formats of different datasets
in Tables 9 and 10.

Dataset # Train # Test Answer

Downstream Tasks
OBQA 5.0K 500 Option
PIQA 16.1K 1,830 Option
ARC-E 1.1K 2,376 Option
ARC-C 2.3K 1,172 Option
HellaSwag 39.9K 10,042 Option
SciQ 11.7k 1,000 Option
WebQs 3.8k 2,032 Option
RACE 62.4k 3,498 Option

Table 5: The statistics of datasets for evaluation. # Train
and # Test denote the number of training and test sam-
ples, respectively.

B Additional Experiments and Analysis

B.1 Consumption of Compression Cost.
We present the time consumption associated with
our proposed GradOT. It is necessary to pre-
compute the statistical information of the model on
the support dataset. Although this process may be
time-consuming, it worth noting that it only needs
to be completed once for each model. Despite the
significant memory demands inherent in gradient
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computation, our training-free approach allows for
linear-by-linear computation, facilitating scalabil-
ity to large models. We report our results using a
support dataset size of 1500 on a single 80G A100
GPU. Due to the memory limitation, for 7B mod-
els, we divided the emulator into 7 groups, with
each group containing 4 transformer blocks for sep-
arate computation. As shown in Tables 6 and 7,
gradient calculation takes 8 minutes for OPT-1.3B
and 97 minutes for LLaMA-7B. In contrast, model
compression is considerably faster than the prepara-
tion stage, taking only 1 minute for OPT-1.3B and
8 minutes for LLaMA-7B. Compared with post-
training-based methods like OT and ScaleOT, as
shown in Table 7, which require tons of compu-
tation and time cost (e.g., OT and ScaleOT cost
60 and 5 hours on 1.5B models, respectively.), our
method significantly reduces the time and compu-
tational costs involved in model compression.

Models Grad. Calculation Model Compression

OPT-1.3B 8 mins 1 mins
LLaMA-7B 97 mins 8 mins

Table 6: Time consumption of conducting GradOT on
different LLMs.

Methods OPT-1.3B LLaMA-7B

Post-training Compression
OT 60 hours -

ScaleOT 5 hours 57 hours
Training-free Compression

GradOT 10 mins 96 mins

Table 7: Time consumption comparison on OPT-1.3B
and LLaMA-7B.

B.2 Sensitive Study

λmha
OBQA

λmlp
OBQA

Emu. FT Plug-in Emu. FT Plug-in

0 29.2 31.6 0 29.6 33.0
1e3 28.6 31.2 1e1 29.2 30.8
1e4 27.0 30.8 1e2 27.0 30.8
1e5 26.0 30.2 1e3 24.6 26.4

Table 8: Sensitive study of λ for OPT-1.3B. Default
parameters are marked in bold.

The sensitivity study of λmha and λmlp in Ta-
ble 8 examines their impact on the performance of
the Emulator Fine-Tuned (Emu. FT) and Plug-in
models on the OBQA dataset. It can be noticed

that the Plug-in performance is not very sensitive
to λmha. As λmha increases, the Emu. FT per-
formance consistently declines from 29.2 to 26.0,
while the Plug-in model maintains relatively stable
performance, decreasing only slightly from 31.6 to
30.2. This suggests that gradient-preserving com-
pression score on multi-head attention (MHA) neg-
atively affects the Emu. FT model and improving
the model’s privacy protection, the Plug-in model
remains robust.

Similarly, increasing λmlp results in a decline
in Emu. FT performance drops from 29.6 to
27.0, while the Plug-in model also experiences a
slight performance drop from 33.0 to 30.8 while
λmlp ≤ 1e3. Further increasing λmlp to 1e3 leads
to a significantly declined performance for both
Emu. FT and Plug-in.

Notably, the Plug-in model consistently outper-
forms Emu. FT across all settings, reinforcing the
effectiveness of the proposed approach in privacy
protection and preserving Plug-in performance.
The default hyperparameter settings for OPT-1.3B,
1e4 for λmha and 1e2 for λmlp, strike a balance
between Plug-in model performance and privacy
protection.

B.3 Compression Ratio for Emulator.
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Figure 6: Performance of applying GradOT to OPT-
1.3B with increased r on OBQA dataset.

Fig. 6 visualizes the results of applying GradOT
to the OPT-1.3B model with varying values of r.
The constant gap between the plug-in results and
the emulator’s fine-tuned results for r < 1 suggests
that GradOT can consistently preserve model pri-
vacy. Notably, when r ≥ 0.5, the plug-in model
not only maintains privacy but also achieves per-
formance comparable to, or even exceeding, that
of the fully fine-tuned model. This highlights the
effectiveness of GradOT in preserving privacy with-
out sacrificing performance, making it a promising
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approach for OT with various compression ratios.

B.4 Score Term (1) Approximates the Loss
Discrepancy Between the Original and
Noised Models.

To evaluate the effectiveness of Score Term (1), we
add random noise at varying scales into the middle-
layer weights of the OPT-1.3B model and measure
the error between the estimated values from Score
Term (1) and the actual losses. Specifically, we
progressively increase the noise magnitude, scal-
ing its Frobenius norm from 0.001 to 1. As shown
in Fig. 7, despite the increasing noise, the estima-
tion error of Score Term (1) remains stable within
±0.02, demonstrating its robustness. These results
validate the accuracy of Score Term (1) in approxi-
mating loss discrepancies and, consequently, sup-
port the efficacy of Score Term (2).
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Figure 7: Error between the actual loss and estimated
loss with Eq. (15) under different weight noise. Both
the horizontal and vertical axes are scaled by log.
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OpenBookQA

Poison causes harm to which of the following?
a Tree

As a car approaches you in the night
the headlights become more intense

PIQA

Question: To create a makeshift ice pack,
Answer:
take a sponge and soak it in water. Put the sponge in a refrigerator and let it freeze. Once frozen, take it out and put it in
a ziploc bag. You can now use it as an ice pack.

Question: What should I use as a stain on a wooden bowl I’ve just made.
Answer:
You should coat the wooden bowl with a butcher block oil & finish per manufacturer directions.

SciQ

One type of radioactivity is alpha emission. What is an alpha particle? What happens to an alpha particle after it is
emitted from an unstable nucleus?.
Question: Alpha emission is a type of what?
Answer:
radioactivity

All radioactive decay is dangerous to living things, but alpha decay is the least dangerous.
Question: What is the least dangerous radioactive decay?
Answer:
alpha decay

RACE

Article: Understanding the process of making career choices and managing your career is a basic life skill that everyone
should understand.
Your career decisions have such a profound effect on all aspects of your life. It’s important to have the knowledge and
resources needed to make smart, informed decisions. Whether you are looking for a new job, aiming to take the next step
at your current job or planning your retirement options, you are making career decisions. Using good resources and the
guidance of a career counselor can help you to make those decisions well.
Many people mistakenly believe that choosing a career is a one-time event that happens some time in early adulthood.
However, career management is actually a life-long process, and we continue to make consequential career choices over
the years. When people want to take action in their career, career management and job search are about so much more
than writing a good resume. If you learn about and act on the following areas of career management, you’ll be rewarded
throughout your career.
Your interests, abilities, values, personal needs and realities should all be taken into account in any career decision
making process. You spend countless hours at work, and it impacts your life in so many ways; it makes sense that you
should be fully informed before making such profound decisions.
Do you know how many different career choices are available to you? Both The Dictionary of Occupational Titles
(American) and The National Occupational Classification (Canadian) list well over 20,000 different job titles. So unless
you’ve actively explored a variety of career options, there’s a very good chance that there are great possibilities available
to you, and you don’t even realize they exist.
Match your understanding of yourself with your understanding of possible career options. Once you have developed
a good understanding of yourself, you will be able to combine that self-knowledge with your career and labor market
research to determine potential careers that are a great fit for you.
When you’ve made a well informed decision, then you’re ready to make it happen. Making use of good career guidance
and resources will help you to acquire the education, skills, and experience needed to get the job and learn and implement
effective job search strategies.
Time spent understanding your needs, researching your career options and developing outstanding job search skills,
guided by great career resources, is a powerful investment in your future.

Question: It can be inferred that _ .

Answer:
career decision is misunderstood by many people because they don’t take it as a life-long proces.

Table 9: Instructions format of Multi-Choice QA task.
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ARC-E

Question: A chewable calcium carbonate tablet is a common treatment for stomach discomfort. Calcium carbonate is
most likely used as this type of medicine because calcium carbonate
Answer:
neutralizes digestive acid.

Question: Which two body systems are directly involved in movement?
Answer:
muscular and skeletal

ARC-C

Question: A fold observed in layers of sedimentary rock most likely resulted from the
Answer:
converging of crustal plates.

Question: As part of an experiment, an astronaut takes a scale to the Moon and weighs himself. The scale reads 31
pounds. If the astronaut has a mass of about 84 kilograms, which are the approximate weight and mass of the astronaut
when standing on the Earth?
Answer:
186 pounds and 84 kilograms

WebQS

Question: where is shoreview mn?
Answer:
Ramsey County

Question: what is the currency in the dominican republic called?
Answer:
Dominican peso

HellaSwag

Getting a haircut: He then combs it and blow dries his hair after styling it with gel. He uses an electric clipper to groom
the sideburns and the temples. He
also trims the back and sides of his head with the clippers.

Getting a haircut: The man in the center is demonstrating a hairstyle on the person wearing the blue shirt. The man in the
blue shirt
sits on the chair next to the sink.

Table 10: Instructions format of Closed-Book QA and Sentece Completion task.
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