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Abstract

Parameter-efficient transfer learning (PETL) has emerged
as a pivotal paradigm for adapting pre-trained foundation
models to downstream tasks, significantly reducing train-
able parameters yet suffering from substantial memory over-
head caused by gradient backpropagation during fine-tuning.
While memory-efficient transfer learning (METL) circum-
vents this challenge by bypassing backbone gradient com-
putation via lightweight small side networks, its strin-
gent memory constraint severely limits learning capacity of
side networks, thereby significantly compromising perfor-
mance. To address these limitations, we propose a novel
Mixed-Precision Interactive Side Mixture-of-Experts frame-
work (MP-ISMoE). Specifically, we first propose a Gaussian
Noise Perturbed Iterative Quantization (GNP-IQ) scheme to
quantize weights into lower-bits while effectively decreasing
quantization errors. By leveraging memory conserved from
GNP-IQ, we subsequently employ Interactive Side Mixture-
of-Experts (ISMoE) to scaling up side networks without sac-
rificing overall memory efficiency. Different from conven-
tional mixture-of-experts, ISMoE learns to select optimal ex-
perts by interacting with salient features from frozen back-
bones, thus suppressing knowledge forgetting and boosting
performance. Extensive experiments across diverse vision-
language and language-only tasks demonstrate that MP-
ISMoE remarkably promotes accuracy compared to state-of-
the-art METL approaches, while maintaining comparable pa-
rameter and memory efficiency.

Code & Extended version —
https://github.com/Zhang-VKk/MP-ISMoE.git

Introduction
Large-scale foundation models, which are typically pre-
trained on massive datasets, have demonstrated remarkable
representation and generalization abilities across a wide
range of domains, including computer vision (Fang et al.
2023), natural language processing (Touvron et al. 2023),
and multi-modal tasks (Wu, Huang, and Wei 2024a). Trans-
fer learning effectively unleashes the potential of these mod-
els, facilitating development of numerous task-specific mod-
els. However, with the ever-expanding model scale, the fully
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fine-tuning paradigm (Lv et al. 2023; Yin et al. 2025) be-
comes prohibitively resource-intensive.

Parameter-Efficient Transfer Learning (PETL) (Houlsby
et al. 2019; Li and Liang 2021; Hu et al. 2022) has become a
promising solution in balancing training cost and model ca-
pacity, by freezing most parameters of backbones and fine-
tuning lightweight modules such as partial parameters (Za-
ken, Ravfogel, and Goldberg 2022), prompt vectors (Li and
Liang 2021) or adapter networks (Chen et al. 2022). How-
ever, they still require backpropagation through large back-
bones, leading to excessive memory consumption that is dis-
proportionate to the reduction in trainable parameters.

More recently, Memory-Efficient Transfer Learning
(METL) (Zhang et al. 2020; Sung, Cho, and Bansal 2022;
Liu, An, and Qiu 2024; Mercea et al. 2024) has emerged
to achieve consistent reduction in both trainable parame-
ters and memory overhead. Typically, METL introduces a
lightweight trainable side network parallel to the frozen
backbone, connecting paired features via ladder modules. It
primarily turns gradient backpropagation to tiny side net-
works and ladders, thus improving training efficiency. How-
ever, existing METL methods predominantly focus on im-
proving the efficiency and representational capacity of side
networks, suffering from the following issues. (1) Sub-
optimal allocation of memory budget. Given the dominant
memory footprint of backbones, existing methods often al-
locate a small portion of memory to the side network, along
with a stringent constraint on the amount of parameters. It
inherently restrains the learning capacity of the side net-
work, thus substantially limiting ultimate performance. (2)
Rigid and simplistic side network structure. The side net-
work is typically down-scaled proportionally from the back-
bone, inheriting its dense activation feature. Such fixed de-
sign leads to a sub-optimal trade-off between memory ef-
ficiency and model capacity, hampering effective transfer
learning under tight memory budgets. (3) Insufficient explo-
ration of guidance from backbones. Most existing METL
methods leverage features from backbones to fine-tune side
networks by directly combining it with those from side net-
works through weighted summation. They fail to elaborately
explore the complementary knowledge from backbone to
suppress over-fitting and knowledge forgetting, thus leaving
much room for improvement.

To address above limitations, we propose a novel METL
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method, dubbed Mixed-Precision Interactive Side Mixture-
of-Experts (MP-ISMoE). MP-ISMoE aims at enabling
more effective memory allocation between backbone and
side network, while facilitating efficient side network ex-
pansion during fine-tuning. To this end, we first introduce
Gaussian Noise Perturbed Iterative Quantization (GNP-IQ),
which applies iterative weight quantization with Gaussian
noise perturbation to the backbone network, reducing mas-
sive memory footprint while maintaining model perfor-
mance. Leveraging saved memory space by GNP-IQ, we
design the Interactive Side Mixture-of-Experts (ISMoE) to
expand the capacity of side network by employing a sparse
MoE structure, without violating the overall memory bud-
get. ISMoE further explores class tokens from backbone
as guidance of general knowledge, and interactively apply
them to adjust expert selection based on their correlations,
thereby mitigating knowledge forgetting and over-fitting.

In summary, our main contributions lie in three-fold:

• We propose a novel mixed-precision fine-tuning frame-
work with an MoE-based side network, dubbed as MP-
ISMoE, for memory efficient transfer learning.

• We propose a Gaussian Noise Perturbed Iterative
Quantization (GNP-IQ) process and an Interactive
Side Mixture-of-Experts (ISMoE) structure to optimize
memory-constrained resource allocation, expand the ca-
pacity of side network and mitigate knowledge forget-
ting, thereby enhancing transfer learning performance.

• We conduct extensive experiments on both vision-
language and natural language processing tasks across
multiple network architectures, demonstrating that MP-
ISMoE remarkably outperforms the state-of-the-art
METL methods, with comparable parameter and mem-
ory efficiency.

Related Work
Parameter-Efficient Transfer Learning
Current PETL methods can be categorized into three
paradigms: (1) Partial Tuning updates only a subset of orig-
inal parameters, such bias (Zaken, Ravfogel, and Goldberg
2022), weights (Touvron et al. 2022), and task-specific ones
(Sung, Nair, and Raffel 2021), while keeping the rest frozen.
(2) Prompt Tuning embeds sparse manual-tuning (Zhang
et al. 2023b) or dense randomly-initialized (Zhou et al.
2022) tokens into input or intermediate state of the back-
bone. (3) Adapter Tuning introduces lightweight learnable
modules into frozen backbones, some methods (Hu et al.
2022; Liu et al. 2022; Mao et al. 2025) employ scaling/shift-
ing factors, learnable vectors, or compact MLPs to refine
feature projections, while others (Jie and Deng 2023; Zhang
et al. 2023a) minimize trainable parameters via matrix de-
composition and hyper-network prediction.

Memory-Efficient Transfer Learning
The METL endeavors to achieve the optimal performance-
memory balance in resource-constrained scenarios. (1)
General Memory Optimization. Mixed-precision training
(Micikevicius et al. 2017) or quantization strategies (Wang

et al. 2018b) introduce low bitwidth formats for weights,
activations and gradients. Gradient checkpoint (Chen et al.
2016) selectively store critical intermediates, reconstructing
(Gomez et al. 2017) discarded activations during backpropa-
gation. (2) Backpropagation Decoupling. Orthogonally, an-
other direction isolates gradient computation for extensive
parameters of large models. Some manners (Raffel et al.
2020) update an extra projection layer, which follows the
last backbone layer. While other methods (Zhang et al. 2020;
Sung, Cho, and Bansal 2022; Diao et al. 2024b,a) introduce
a parallel lightweight network to augment the static main
network for new domains.

Weight-only Post-Training Quantization
The Weight-only Post-Training Quantization (Frantar et al.
2022; Kim et al. 2023; Lee et al. 2023; Lin et al. 2024)
proves effective in accelerating the memory-bounded Gen-
eral Matrix-Vector Multiply (GEMV) operators while aims
to convert weights from high-precision to low-precision with
fewer bits, thus reducing the size of model and speeding up
weight loading.

Mixture-of-Experts
Mixture-of-Experts (MoE) (Cai et al. 2025; Mu and Lin
2025) divides a model into specialized components (i.e., Ex-
perts), each of which handles distinct tasks or data aspects,
and combines the router (Liu et al. 2024; Harvey, Weale, and
Yilmaz 2025) to selectively activate relevant experts, thereby
leveraging a vast amount of expertise by increasing model
capacity while maintaining computational efficiency. Typi-
cally, MoE can be categorized into two variants: Dense MoE
(Pan et al. 2024; Wu, Huang, and Wei 2024b) activates all
experts in each iteration, while Sparse MoE (Dai et al. 2024;
Lieber et al. 2024; Wei et al. 2024) activates only some ex-
perts and thus generally has lower computational overhead.

Methodology
Framework Overview
Existing METL approaches based on side network typically
impose strict constraints on the scale of trainable parame-
ters, aiming to ensure low memory overhead during training.
However, such limitation tend to compromise the represen-
tation capacity of model, thus leading to sub-optimal perfor-
mance on downstream tasks. Therefore, we propose a novel
framework, Mixed-Precision Interactive Side Mixture-of-
Experts (MP-ISMoE), as depicted in Figure 1.

Specifically, Gaussian Noise Perturbed Iterative Quan-
tization (GNP-IQ) module saves memory consumption of
backbone weights by strategically reducing their numeri-
cal precision. To mitigate the increasing quantization error
accumulated during fine-tuning, GNP-IQ employs an iter-
ative re-quantization with injected Gaussian noise pertur-
bation. Meanwhile, the Interactive Side Mixture-of-Experts
(ISMoE) module improves the scalability of the side branch
by introducing a memory-efficient MoE-based structure. To
address the catastrophic knowledge forgetting issue, a cross-
network representative token interaction mechanism is per-
formed.
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Figure 1: Diagram on the proposed framework. Part (I) presents Mixed-Precision Interactive Side Mixture-of-Experts for
universal METL based on side networks. We first quantize most of weights in pre-trained backbone before fine-tuning, while
preserving trainable Layer Normalization with full-precision. Subsequently, we introduce a learnable parallel Interactive Side
Mixture-of-Experts (ISMoE) structure, connected to backbone via downsampling module. During fine-tuning phase, Gaussian
Noise Perturbed Iterative Quantization (GNP-IQ) strategy introduces Gaussian noise perturbations into weights to mitigate
quantization error. Part (II) illustrates detailed structure of lth layer of MP-ISMoE. We adopt MoE to scale up side network,
design representative feature for each expert to measure correlation with backbone, and select Topk experts based on the routing
Probability and Correlation Score.

As for the overall fine-tuning process, the majority of the
backbone parameters are frozen in 8-bit precision, while the
Layer Normalization parameters remain trainable in full pre-
cision, and the side network is trained in 16-bit. In sum-
mary, our MP-ISMoE framework enables efficient mixed-
precision fine-tuning, thereby achieving a superior trade-off
between memory efficiency and downstream performance.

Gaussian Noise Perturbed Iterative Quantization

Quantization of Backbone. In context of a Transformer-
based backbone network, we denote the set of parameters
belonging to all Layer Normalization layers as ΦLN, and the
rest of the parameters as ΦLN. Typically for memory efficient
fine-tuning, ΦLN and ΦLN are kept frozen. To further reduce
the memory footprint of the backbone network, we perform
weight-only quantization on ΦLN.

Specifically, prior to fine-tuning, an initial asymmetric
post-training quantization is applied, converting the full-
precision weights into compact low-bit ones, formally as:

wq = clamp(⌊wf

s
⌋+ z; 0; 2n − 1), (1)

where wf ∈ ΦLN denotes the original floating-point weight,
and wq is its quantized fixed-point counterpart. Here n is the
bitwidth of the quantized value, and clamp(·; a; b) denotes
truncating the value to the interval [a, b]. The scale factor s

and zero-point z are calculated as:

s =
rmax − rmin

qmax − qmin
=

rmax − rmin

2n − 1
,

z = clamp(⌊qmax −
rmax

s
⌋; 0; 2n − 1),

(2)

where rmin/max and qmin/max represent the numerical range
of wf and wq , respectively. While wq is stored in low-bit for-
mat, it is dequantized back to full-precision during forward
pass computation by reversing Eq. (2) as:

wd = s · (wq − z). (3)

Iterative Quantization Strategy. Although most of the
backbone parameters are frozen during fine-tuning, the
aforementioned initially assigned quantization coefficients
cannot remain fixed throughout the entire process. Noting
that a small portion of quantized weights are updated during
fine-tuning, the originally determined s and z may no longer
be optimal for the evolving weight distribution. This mis-
match leads to an increased quantization error Errorq , which
can be expressed as:

Errorq =
1

U

U∑
u=1

(w
(u)
f − w

(u)
d )

2
, (4)

where U = |ΦLN| denotes the number of quantized weights.
To mitigate this error, we introduce an iterative re-

quantization mechanism for the backbone. To be precise,
each time we randomly sample a small fraction p% of
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weights from ΦLN and re-compute their scale and zero-point
coefficients (i.e. s and z), thereby refining the quantization
to better fit the evolving state of the model. To save the addi-
tional cost for quantization, this step is performed iteratively
at a fixed interval of M epochs. Overall, this procedure is
conducted T = Nepoch/M times during fine-tuning, where
Nepoch is the total number of fine-tuning epochs.

Gaussian Noise Perturbation. Furthermore, to bridge the
gap between infrequent quantization steps and the continue
shift in model dynamics, we inject a Gaussian noise pertur-
bation into weights prior to each re-quantization, formally
as Eq. (5).

w′
f = wf + ϵt, when nepoch = t×M. (5)

Here, w′
f denotes the perturbed weight for further quan-

tization, and nepoch is the index of current epoch. ϵt ∼
N (µt, σ

2
t I), t ∈ 1, 2, · · · , T is a learnable perturbation draw

from a Gaussian distribution. By optimizing the mean µt and
standard variance σt, the perturbation serves to simulate the
cumulative effect of latent parameter updates between re-
quantizations, allowing the backbone to better anticipate its
optimal quantized state during fine-tuning.

Interactive Side Mixture-of-Experts
Sparse MoE Based Side Network. With GNP-IQ scheme
enabling a memory efficient backbone, we allocate the saved
resources to expand the side network, thus enhancing its rep-
resentation capability, while maintaining the overall mem-
ory budget. However, a direct dense expansion on the width
of network falls short of achieving an optimal performance-
efficiency balance, owing to the substantial increase in train-
able parameters and memory consumption. Therefore, we
adopt a sparse MoE in side network, enabling substantial
capacity expansion under limiter memory constraints.

Concretely, ISMoE constructs a set of N distinct experts
{Ei}Ni=1 by replicating the original FFN blocks from the
side network. A sparse gating mechanism is then introduced
to dynamically select the top-k most relevant experts for
each input token. To be precise, a linear projection func-
tion g(·) ∈ RN first computes raw gating scores over ex-
perts. These scores are then sparsified using a masked top-k
selection operator Mk(·), which retains only the top-k val-
ues and set the rest to −∞. The resulting sparse scores are
normalized via a Softmax function to produce the final rout-
ing probability G(·). Let xin and xout denote the input and
output feature of the ISMoE module, respectively, the final
output is computed as the probability weighted sum of the
selected expert outputs. The complete forward pass compu-
tation is formally defined as Eq. (6).

G(x) = Softmax(Mk(g(x))),

Mk(x)i =

{
xi, if xi ∈ top-k(x)).
−∞, otherwise,

xout =
N∑
i=1

Gi(x
in) · Ei(x

in).

(6)

Cross-Network Interaction Guided Expert Selection.
Although the MoE-based side network benefits from flexi-
bly activated experts, unconstrained fully training of these
parameters may entangle the roles of side experts and the
backbone, which causes over-fitting to task-specific patterns
and forgetting of general knowledge, ultimately leading to
sub-optimal performance. To address this issue, we intro-
duce a cross-network interaction mechanism that explicitly
serializes the capability of both branches, thereby fostering
the learning of complementary knowledge across different
network branches. In particular, the general knowledge en-
coded in the backbone is directly utilized to guide expert
selection in the side network, ensuring complementary col-
laboration between two branches.

Specifically, we extract a salient token hΦ
0 ∈ RD,

which typically refers to the [CLS] token in context of
the Transformer-based architecture, from the backbone as
a proxy for general-purpose representations. For experts in
the side network, we initiate a learnable matrix of represen-
tative tokens r ∈ RN×D, where each row ri corresponds
to the affinity of expert Ei with the requirement from gen-
eral knowledge. Then, a correlation score vector c ∈ RN is
computed by measuring the similarity between the similar-
ity between the salient token and the expert-wise representa-
tive tokens as Eq. (7), which serve as a general-knowledge-
informed prior over the expert selection process.

c = Norm(hΦ
0 × r), (7)

where Norm(·) represents normalization operation. Finally,
we integrate this prior into the expert selection operation by
modulating the routing probability for top-k expert selec-
tion:

g′(x) =
Softmax(g(x)) + c

2
, (8)

where g′(·) denotes the refined routing probability, and the
subsequent gating operations follow the same process as
Eq. (6).

Experimental Results and Analysis
Experimental Settings
Datasets and Evaluation Metrics. We validate our pro-
posed MP-ISMoE on both Vision-Language (VL) and Nat-
ural Language Processing (NLP) tasks. Specifically, for VL
tasks, we conduct experiments on image-text retrieval (ITR:
Flickr30K (Young et al. 2014), MSCOCO (Lin et al. 2014)),
video-text retrieval (VTR: MSVD (Chen and Dolan 2011),
MSR-VTT (Xu et al. 2016)), visual and compositional ques-
tion answering (VQA: VQAv2 (Goyal et al. 2017), GQA:
GQA (Hudson and Manning 2019)), and visual grounding
(VG: RefCOCO, RefCOCO+ (Yu et al. 2016), RefCOCOg
(Mao et al. 2016)). By following (Diao et al. 2024b), we
report Recall@1 (R@1) and Rsum of R@1,5,10 on cross-
modal retrieval tasks, overall Accuracy on QA tasks, and
mean Average Precision (mAP) on VG tasks. In the case of
NLP task, we adopt GLUE benchmark (Wang et al. 2018a)
and present Accuracy Metric, F1 Score, Matthew’s Correla-
tion, Pearson-Spearman Correlation as the evaluation met-
rics for various datasets respectively. Detailed descriptions
are provided in Extended Version.
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Method Params.Mem. Flickr30K MSCOCO1K MSCOCO5K Params.Mem. MSR-VTT MSVD

(M)↓ (G)↓ I-T↑ T-I↑ Rsum↑ I-T↑ T-I↑ Rsum↑ I-T↑ T-I↑ Rsum↑ (M)↓ (G)↓ T-V↑ V-T↑ Rsum↑ T-V↑ V-T↑ Rsum↑
Fully-FT 201.2 176.8 85.6 73.3 546.6 83.1 71.7 542.7 64.2 51.2 468.9 151.3 48.8 42.8 42.1 389.2 45.2 57.1 425.5

LST 9.7 24.4 82.1 66.5 529.5 78.2 64.8 525.8 57.8 43.1 434.5 11.2 32.0 37.0 37.8 356.7 35.5 55.4 407.2
UniPT 12.4 24.4 84.8 69.1 537.4 80.6 67.5 532.9 61.1 45.9 445.3 9.6 13.6 38.9 39.3 361.3 40.9 59.7 432.1
SHERL 11.3 24.4 86.1 71.1 542.3 81.8 69.2 537.5 62.5 47.3 450.8 9.6 13.6 39.2 40.6 363.7 40.9 60.2 429.7
Ours† 12.9 25.5 86.5 71.3 543.1 81.9 69.1 538.7 62.2 47.1 449.1 10.1 14.5 39.9 41.1 365.5 42.0 60.4 435.6
Ours‡ 11.8 25.4 87.4 73.3 547.0 82.8 71.0 542.6 63.4 48.7 453.8 10.1 14.6 40.3 41.3 366.9 42.1 60.7 435.8

Method Params.Mem. VQAv2 GQA Params.Mem. RefCOCO RefCOCO+ RefCOCOg

(M)↓ (G)↓ TestD↑TestS↑TestD↑TestS↑ (M)↓ (G)↓ Val↑ TestA↑TestB↑ Val↑ TestA↑TestB↑ Val↑ Test↑
Fully-FT 236.8 82.0 76.71 76.86 60.25 61.44 185.2 39.6 86.51 89.13 81.22 79.54 84.54 70.63 80.92 80.95

LST 13.4 25.6 75.29 75.44 59.93 60.75 0.9 12.6 81.63 85.19 76.03 71.32 78.20 62.06 72.53 73.67
UniPT 10.3 11.6 75.33 75.53 60.10 60.72 0.7 6.8 82.71 86.25 78.16 72.94 79.18 64.49 77.04 77.33
SHERL 13.0 14.0 75.53 75.82 60.16 60.82 0.7 6.8 83.02 86.39 78.41 73.29 80.11 64.59 77.80 77.33
Ours† 10.9 12.6 75.82 76.87 60.78 61.41 0.8 7.3 83.32 87.09 79.20 73.59 79.68 64.88 77.86 77.95
Ours‡ 13.6 14.9 76.21 76.91 60.91 61.44 0.8 7.4 83.49 87.26 79.19 73.92 80.51 65.02 78.39 78.08

Table 1: Comparison results (%) with METL approaches across various architectures and distinct VL tasks, in terms of amount
of learnable parameters, memory usage, and other task-specific metrics. The best results are highlighted in bold, and the second
best results are underlined.

Counterparts. We compare MP-ISMoE with full
fine-tuning and two representative efficient adaptation
paradigms: (1) Memory-Efficient approaches exemplified
by LST (Sung, Cho, and Bansal 2022), UniPT (Diao et al.
2024b), and SHERL (Diao et al. 2024a); (2) Parameter-
Efficient methods including Partial Tuning (BitFit (Zaken,
Ravfogel, and Goldberg 2022)), Prompt Tuning (Prompt (Li
and Liang 2021)), and Adapter Tuning (Adapter (Houlsby
et al. 2019), LoRA (Hu et al. 2022)).

Implementation Details. To ensure rigorous and fair
comparisons, we maintain consistent experimental config-
urations with UniPT (Diao et al. 2024b) and SHERL (Diao
et al. 2024a), including the optimizer, warm-up scheduler,
batch size, training epochs, etc. Besides, our method is im-
plemented based on UniPT/SHERL, denoted as Ours†/‡, re-
spectively. Additional training details are depicted in Ex-
tended Version.

Main Results
Baselines. Similar to (Diao et al. 2024a), in order to
conduct a more exhaustive and challenging evaluation, we
present a comparison on diverse VL and NLP tasks with var-
ious pre-trained architectures, including:

• ITR task: VSE∞ (Chen et al. 2021) leverages BERT-
base as text and Instagram (WSL) pre-trained ResNeXt-
101(32×8d) as vision backbones.

• VTR task: CLIP4Clip (Luo et al. 2021) adapts pre-
trained CLIP’s dual-Transformer framework (ViT-B/32 +
Text Transformer) through temporal domain adaptation
from image-text to video-text spaces.

• QA task: CLIP-ViL (Shen et al. 2021) utilizes frozen

CLIP image encoder with text embeddings, followed by
a cross-modal fusion Transformer.

• VG task: MDETR (Kamath et al. 2021) combines
ResNet-101 and RoBERTa-B for image and text encod-
ing, with a query-attended encoder-decoder Transformer.

• NLP task: T5-series (Raffel et al. 2020) imports text en-
coder and autogressive decoder, with balanced layer re-
duction (6/24 total layers of side network, equally split
for encoder and decoder for base/large).

MP-ISMoE outweights METL methods in memory-
constrained scenarios. We compare MP-ISMoE with
state-of-the-art METL methods on five VL tasks. As shown
in Table 1, our MP-ISMoE achieves superior performance,
with the minimal discrepancy from the fully fine-tuned
model. Concretely, it demonstrates the following advan-
tages: (1) Remarkable performance improvement. MP-
ISMoE outperforms LST across a range of tasks and back-
bones. When integrated with UniPT/SHERL (i.e., Ours†/‡),
it yields an average improvement of 1.4/1.2% in R@1 and
4.6/4.4% in Rsum for cross-modal retrieval, 0.80/0.79% im-
provements for question answering, and 5.47/4.92% for vi-
sual grounding. These results in challenging pattern match-
ing and limited data-driven scenarios strongly underscore
the efficacy of MP-ISMoE. (2) Comparable training mem-
ory consumption. In most cases, MP-ISMoE reduces train-
ing memory usage by approximately 50% compared to LST.
Despite a slight memory increase (e.g. 1GB for the retrieval
task) over the baselines, we consider it acceptable in light
of the gains in performance. (3) Negligible inference cost.
With the sparse MoE-based side network where only a fixed
number of experts are activated, MP-ISMoE introduces no
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Method Params. Memory ( G) ↓ CoLA SST-2 MRPC QQP MNLI QNLI RTE STS-B Avg.(%) ↓ Train Test

Fully-FT 100 17.6 0.86 62.8 93.9 91.9 89.9 86.2 92.5 74.1 90.3 85.2
Adapter 1.63 13.0 0.87 64.4 94.2 88.9 88.9 86.4 93.1 75.1 91.1 85.3
LoRA 1.71 12.6 0.86 63.3 94.3 90.1 89.0 86.3 93.2 75.5 90.9 85.3
BitFit 0.13 10.7 0.86 61.8 94.3 91.0 88.7 85.6 93.1 67.6 90.8 84.1
Prompt 0.03 22.2 0.87 0 90.3 74.6 88.5 82.5 92.5 59.5 90.1 72.2

LST 1.74 5.5 0.88 58.1 94.1 90.4 88.8 85.6 93.3 71.9 90.7 84.1
UniPT 1.36 2.9 0.86 62.2 94.2 90.8 88.9 85.5 93.3 69.8 89.7 84.3
SHERL 0.85 2.9 0.87 61.1 93.7 89.4 88.8 85.3 93.3 71.9 90.9 84.3
Ours† 2.41 3.2 0.86 63.4 94.6 91.6 89.1 85.7 93.4 70.9 90.0 84.8
Ours‡ 1.48 3.3 0.87 62.4 94.3 89.6 89.3 85.9 93.2 72.8 91.5 84.9
LST (T5-large) 1.23 12.2 2.88 65.3 95.7 91.6 89.7 88.6 94.1 79.9 92.4 87.1
UniPT (T5-large) 0.92 9.1 2.82 65.7 95.8 92.0 89.7 88.2 94.2 79.6 92.0 87.2
SHERL (T5-large) 0.64 7.1 2.80 65.6 95.8 92.9 89.6 88.6 94.2 80.8 92.1 87.5
Ours† (T5-large) 1.75 9.9 2.82 66.7 96.5 93.1 90.0 88.7 94.7 79.8 92.4 87.7
Ours‡ (T5-large) 0.81 7.6 2.80 66.4 96.5 93.4 90.3 88.9 94.9 81.6 92.7 88.1

Table 2: Comparison results with PETL (Top) and METL (Bottom) methods on GLUE benchmark, with T5-base/large. We
report the number of learnable parameters and memory usage as efficiency metrics, and accuracy, F1 score, Matthew’s Corre-
lation, and Pearson-Spearman Correlation as performance indicators. The best results are highlighted in bold, and the second
best results are underlined.

extra inference cost, which ensures its practical applicability
for real-world deployment.

To further assess the generalization ability of our ap-
proach, we conduct additional evaluations on NLP tasks. As
shown in Table 2, MP-ISMoE improves the overall perfor-
mance of baseline UniPT and SHERL by 0.6%, with com-
parable memory consumption. More significantly, it outper-
forms LST comparable trainable parameters while reducing
training memory usage by over 30%.

In summary, MP-ISMoE enables a larger trainable param-
eter space and scales up model capacity without notably in-
creasing memory overhead, thereby achieving a more favor-
able trade-off between memory efficiency and performance.

MP-ISMoE outperforms PETL methods with similar
training memory consumption. We also evaluate the
proposed method with state-of-the-art PETL methods on the
GLUE benchmark for NLP tasks. As shown in Table 2, with
the T5-base model as backbone, MP-ISMoE significantly re-
duces the training memory overhead from 17.6GB to 3.2GB,
up to 81.8% of the fully fine-tuning, while in context of the
same scale of trainable parameters, the prevailing Adapter
and LoRA methods only gain a reduction ratio of 25.6%. Be-
sides, MP-ISMoE surpasses BitFit and Prompt by 0.8% and
12.7% on average, respectively, while requiring only 29.9%
and 14.4% of their training memory overhead. These results
demonstrate that MP-ISMoE achieves significantly higher
memory efficiency than both Full-FT and other PETL meth-
ods. To further exploit the memory efficiency and validate
the scalability on larger backbones, we continue our com-
parison on the T5-large backbone. Remarkably, MP-ISMoE
achieves a 15.7% performance gain over Prompt under simi-
lar or even lower training memory consumption, and consis-

tently outperforms other PETL baselines without incurring
additional inference memory overhead.

Ablation Study
On Main Components. We evaluate the effect of the main
components, including Gaussian Noise Perturbed Iterative
Quantization (GNP-IQ) and Interactive Side Mix-of-Experts
(ISMoE), on the VSE∞ for ITR task. Here, we use UniPT
as baseline. As summarized in Table 3, GNP-IQ signifi-
cantly reduces training memory consumption from 24.4GB
to 18.4GB (a reduction of 24.6%) by quantizing the pre-
trained backbone into lower-bit precision weights. Although
this inevitably leads to a slight performance degradation, it
frees up substantial memory for scaling up the side network.
Conversely, the single introduction of ISMoE significantly
boosts performance, by improving R@1 and Rsum by 2.2%
and 6.7%, respectively, at a cost of increased training mem-
ory usage. These results highlight the inherent strengths of
the two modules, i.e. the memory efficiency of GNP-IQ and
the accuracy advantage of ISMoE. When further combined,
GNP-IQ and ISMoE complement each other by reallocat-
ing part of the memory budget from the backbone to the ex-
panded side network, ultimately yielding average improve-
ments of 1.5% in R@1 and 5.1% in RSum, respectively, with
only a negligible increase in memory overhead.

On Effect of GNP-IQ. We further evaluate the individ-
ual effect of designs in GNP-IQ on the VSE∞ (Chen et al.
2021) for ITR task. As shown in the Table 4, on the basis
of the baseline, we first fine-tune with the frozen pre-trained
backbone using different weight precision formats. Specifi-
cally, the introductions of low unified precision and mixed-
precision reduce training memory by 36.9% and 39.3%,
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GNP-IQ ISMoE Params.
(M)↓

Memory
(G)↓

Flickr30K MSCOCO1K MSCOCO5K

I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑
12.4 24.4 84.8 69.1 537.4 80.6 67.5 532.9 61.1 45.9 445.3

✓ 12.5 18.4 83.7 68.1 534.8 78.9 66.3 530.4 59.9 44.7 442.7
✓ 12.7 32.4 86.9 71.7 544.3 82.5 69.8 540.4 63.4 47.7 450.9

✓ ✓ 12.9 25.5 86.5 71.3 543.1 81.9 69.1 538.7 62.2 47.1 449.1

Table 3: Ablation results (%) of the main components using VSE∞ on ITR tasks. The best results are highlighted in bold, and
the second best results are underlined.

Weight
Precision

Gaussian
Noise

Params.
(M)↓

Memory
(G)↓

Flickr30K MSCOCO1K MSCOCO5K

I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑
Full-Pre 12.4 24.4 84.8 69.1 537.4 80.6 67.5 532.9 61.1 45.9 445.3
Low-Pre 12.4 14.8 81.6 66.4 529.3 77.5 64.6 524.7 58.4 43.0 433.8

Mixed-Pre 12.4 15.4 82.1 66.7 531.4 77.8 65.0 526.9 58.8 43.5 437.2
Mixed-Pre ✓ 12.5 18.4 83.7 68.1 534.8 78.9 66.3 530.4 59.9 44.7 442.7

MoE
Structure

Network
Correlation

Params.
(M)↓

Memory
(G)↓

Flickr30K MSCOCO1K MSCOCO1K

I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑ I-T ↑ T-I ↑ Rsum ↑
12.4 24.4 84.8 69.1 537.4 80.6 67.5 532.9 61.1 45.9 445.3

✓ 12.7 31.6 86.3 71.3 543.1 82.0 69.2 538.8 62.9 47.1 449.4
✓ ✓ 12.7 32.4 86.9 71.7 544.3 82.5 69.8 540.4 63.4 47.7 450.9

Table 4: (Top) Ablation results (%) of GNP-IQ with various backbone weights precision (Full-, Mixed-, and Low-Precision),
w/ or w/o Gaussian noise perturbation. (Bottom) Ablation results (%) of ISMoE w/ or w/o MoE structure and measuring
correlation between networks. All experiments are conducted on ITR tasks with VSE∞. The best results are highlighted in
bold, and the second best results are underlined.

respectively. However, the retrieval accuracy incurs severe
degradation, although the drop under mixed-precision fine-
tuning is relatively moderate. Furthermore, under mixed-
precision, the introduction of Gaussian noise perturbation
enables recovery of retrieval accuracy while maintaining a
relatively low memory consumption. This is attributed to
the noise-induced perturbations effectively simulating long-
term weight updates, thereby mitigating the accumulated
quantization error that would otherwise impair fine-tuning.

On Effect of ISMoE. We also evaluate the effect of de-
tailed designs in ISMoE on the VSE∞ (Chen et al. 2021) for
ITR task. As previously discussed, the memory overhead in-
troduced by this module can be compensated by the reduc-
tion achieved from the GNP-IQ module, therefore, memory
consumption is not the focus of this section. As shown in
Table 4, introducing the sparse MoE structure significantly
improves the R@1 and Rsum by 1.6% and 5.2%, respec-
tively. This result underscores the effectiveness of MoE-
based scaling up in enhancing transfer learning. Upon fur-
ther incorporating expert selection based on salient token
from the backbone, these metrics are continuously increased
by 2.2% and 6.7%, respectively, while keeping the amount
of learnable parameters and memory consumption basically
constant. This improvement can be attributed to the more ef-
fective utilization of general knowledge from the backbone
in guiding expert selection, which in turn alleviates over-

fitting and mitigates the forgetting of general knowledge.
We also extensively study the influence of the ratio p of

re-quantized weights in each iteration, impact of the num-
ber of experts N in Eq. (6) in MoE structures. Due to space
limitation, we summarize the detailed results in Extended
Version.

Conclusion
In this paper, we propose a novel METL method dubbed
Mixed-Precision Interactive Side Mixture-of-Experts (MP-
ISMoE), which effectively addresses the inherent limitations
of existing methods regarding the scalability and represen-
tational capabilities of side networks. We develop the Gaus-
sian Noise Perturbed Iterative Quantization (GNP-IQ) pro-
cess that enables mixed-precision training, effectively com-
pressing the memory footprint of the backbone while pre-
serving more performance. Furthermore, the Interactive Side
Mixture-of-Experts (ISMoE) structure is introduced, scal-
ing up the side network by reallocating the previously saved
memory, and mitigating knowledge forgetting by leverag-
ing salient token-guided expert selection. Experimental re-
sults on multiple vision-language and natural language pro-
cessing tasks demonstrate that our method achieves superior
balance between trainable parameters, memory efficiency
and transfer learning performance, by surpassing existing
state-of-the-art METL methods in accuracy with compara-
ble memory overhead.
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