The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Leveraging Normalization Layer in Adapters With Progressive Learning and
Adaptive Distillation for Cross-Domain Few-Shot Learning

Yongjin Yang, Taehyeon Kim, Se-Young Yun

KAIST Al
{dyyjkd, potter32, yunseyoung } @kaist.ac.kr

Abstract

Cross-domain few-shot learning presents a formidable chal-
lenge, as models must be trained on base classes and then
tested on novel classes from various domains with only a
few samples at hand. While prior approaches have primar-
ily focused on parameter-efficient methods of using adapters,
they often overlook two critical issues: shifts in batch statis-
tics and noisy sample statistics arising from domain discrep-
ancy variations. In this paper, we introduce a novel generic
framework that leverages normalization layer in adapters with
Progressive Learning and Adaptive Distillation (ProLAD),
marking two principal contributions. First, our methodology
utilizes two separate adapters: one devoid of a normalization
layer, which is more effective for similar domains, and an-
other embedded with a normalization layer, designed to lever-
age the batch statistics of the target domain, thus proving ef-
fective for dissimilar domains. Second, to address the pitfalls
of noisy statistics, we deploy two strategies: a progressive
training of the two adapters and an adaptive distillation tech-
nique derived from features determined by the model solely
with the adapter devoid of a normalization layer. Through
this adaptive distillation, our approach functions as a modu-
lator, controlling the primary adapter for adaptation, based on
each domain. Evaluations on standard cross-domain few-shot
learning benchmarks confirm that our technique outperforms
existing state-of-the-art methodologies.

1 Introduction

Deep neural networks, while showing remarkable aptitude
for visual recognition tasks when trained on large datasets,
face a significant challenge when applied to real-world sce-
narios characterized by diverse domains. The challenges
become even more pronounced when these networks en-
counter unseen data with scarce samples during operational
deployment. This is where Cross-Domain Few-Shot Learn-
ing (CD-FSL) comes into play. CD-FSL aims to leverage
knowledge from a source domain (e.g., ImageNet (Deng
et al. 2009)), where abundant labeled data is available, to
learn a predictive model for a target domain (e.g., Fungi
(Schroeder and Cui 2018)) where labeled data is scarce.
The core objective of this learning paradigm is to cultivate a
model that can generalize effectively to new classes within
the target domain using a limited set of examples.
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Figure 1: (a) Domain shift encountered during deployment
in CD-FSL, (b) Kernel density estimation of batch statis-
tics across different domains, where bold dotted lines rep-
resent the mean value of batch statistics for each domain
and light solid lines represent the batch statistics of individ-
ual samples, showing high variations. Domain similarity is
computed using Earth-Mover Distance (EMD) as outlined
in (Cui et al. 2018; Oh et al. 2022). Detailed information is
described in Appendix B.

The primary challenges encountered in CD-FSL stem
from the diverse domain discrepancies (Li et al. 2020; Oh
et al. 2022) and the scarcity of samples. As illustrated in
Figure 1 (a), the model is required to adjust to new domains
that may differ in aspects such as color space and back-
ground scenes, focal features essential for accurate classi-
fication, while using only a restricted number of samples.
Adaptation from the source domain to the target domain is
challenging since it easily poses a high risk of overfitting to a
few samples. To address this challenge, a parameter-efficient
approach that fine-tunes only linear adapters has gained at-
tention in CD-FSL (Requeima et al. 2019; Bateni et al. 2020;
Li, Liu, and Bilen 2022). This approach aims to balance the
need for domain adaptation with the risk of overfitting by
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limiting the number of parameters to be fine-tuned.

However, relying solely on linear adapters fails to address
the distribution shift in latent features, which is induced by
statistics in normalization layers biased towards the source
set. Figure 1 (b) illustrates the batch statistics of the source
(ImageNet) and target domains based on domain similarity
in the Meta-Dataset (Triantafillou et al. 2019). It is observed
that underlying batch statistics in the source and new do-
mains can significantly differ in the case of dissimilar do-
mains that do not share any similar classes with the source
set. This bias in statistics towards the source set can ren-
der the additional learned parameters insufficient for domain
adaptation (Li et al. 2016; Bilen and Vedaldi 2017; Du et al.
2020; Mirza et al. 2022). Therefore, the consideration of nor-
malization layers in adapter-based approaches is necessary.

CD-FSL faces an additional challenge where attempting
to incorporate statistics from target domain with a few sam-
ples may result in noisy batch statistics. This is evident in
Figure 1 (b), as highlighted by the light solid lines, com-
plicating the accurate representation of a domain statistics.
This challenge becomes more pronounced for target do-
mains similar to the source, where the statistics of the tar-
get domains substantially overlap with those of the source.
As a result, integrating noisy data can disrupt the well-
established statistics from the pre-trained batch normaliza-
tion layers. Conversely, for dissimilar domains, even slightly
noisy statistics better represent the statistics of target domain
than the statistics of source. Given this scenario, there re-
mains a demand for a method that can dynamically leverage
statistics based on domain similarity considering the nature
of diverse test domains of CD-FSL.

This paper presents a novel framework which lever-
ages normalization layers in adapters with Progressive
Learning and Adaptive Distillation (ProLAD) that progres-
sively trains adapters in two stages with adaptive distilla-
tion. Two types of adapters are utilized: Task Adapter with
Normalization (TAN), which employs normalization layer
that collects batch statistics, and Task Adapter (TA), which
solely comprises a linear adapter. The TAN is optimized for
dissimilar domains due to its normalization layer, while the
TA is best suited for similar domains, ensuring that well-
represented batch statistics remain undisturbed. During the
adapter training process, our method implements a progres-
sive learning approach, training TA followed by TAN se-
quentially, and integrate adaptive distillation. This adaptive
distillation, informed by the estimation of domain similarity,
controls the activation of each adapter. As a result, the model
leans on TA for similar domains and primarily engages TAN
when faced with dissimilar domains. We demonstrate that
our ProLAD outperforms baseline methods on the popu-
lar benchmark Meta-Dataset, especially in more challeng-
ing settings where the feature extractor is trained on a single
domain dataset and then tested on all the other domains.

2 Related Work
2.1 Cross-Domain Few-Shot Learning

The early algorithms for solving the cross-domain few-shot
classification problem are based on meta-learning, which
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can be categorized into three categories: model-based (San-
toro et al. 2016; Munkhdalai and Yu 2017; Zhmoginov,
Sandler, and Vladymyrov 2022), optimization-based (Finn,
Abbeel, and Levine 2017; Antoniou, Edwards, and Storkey
2018), and metric-based (Vinyals et al. 2016; Snell, Swer-
sky, and Zemel 2017). However, recent studies have demon-
strated that fine-tuning methods outperform meta-learning
methods on few-shot classification tasks (Chen et al. 2019;
Dhillon et al. 2019; Chen et al. 2021; Tian et al. 2020;
Chowdhury et al. 2021), especially for cross-domain few-
shot learning (Guo et al. 2020), since meta-learning is more
prone to overfitting on base classes (Dumoulin et al. 2021).

The common approach for cross-domain few-shot learn-
ing is to learn task-agnostic feature extractors using the
base classes and then fine-tune with task-specific weights
to handle the novel classes (Requeima et al. 2019; Dvornik,
Schmid, and Mairal 2020; Tao et al. 2022; Bateni et al. 2020,
Li, Liu, and Bilen 2021, 2022; Triantafillou et al. 2021; Liu
et al. 2021). These task-specific weights are decided using
an auxiliary system (Dvornik, Schmid, and Mairal 2020; Liu
et al. 2020; Triantafillou et al. 2021; Requeima et al. 2019;
Bateni et al. 2020; Liu et al. 2021), or through training from
scratch regardless of the task (Tao et al. 2022; Li, Liu, and
Bilen 2021, 2022). Recent methods have utilized adapters as
task-specific weights to efficiently balance between domain
adaptation and overfitting (Requeima et al. 2019; Bateni
et al. 2020; Li, Liu, and Bilen 2022). These methods either
adopt FiLM layers (Perez et al. 2018) as adapters (Requeima
et al. 2019; Bateni et al. 2020) or residual adapters parame-
terized by matrix (Li, Liu, and Bilen 2022).

2.2 Knowledge Distillation for Few-shot Learning

Knowledge distillation is a popular technique in deep learn-
ing that transfers the knowledge from a large, pre-trained
model (teacher) to a smaller, more efficient model (student)
(Hinton, Vinyals, and Dean 2015). Knowledge distillation
has also been applied to few-shot learning (Tian et al. 2020;
Rajasegaran et al. 2020), primarily using self-distillation
with identical architectures. Unlike previous approaches, we
demonstrate that the knowledge distillation can be useful
even during the fine-tuning stage with similar architectures,
serving as a regularizer for few-shot training.

3 Method

This section presents a novel framework, termed Leveraging
Normalization Layer in Adapters with Progressive Learning
and Adaptive Distillation (ProLAD), designed for CD-FSL.
Our approach incrementally trains two adapters, TA and
TAN with adaptive distillation. An overview of our method
is depicted in Figure 2, and the detailed pseudo-algorithm is
provided in Appendix C.

3.1 Training Adapters with Progressive Learning
and Distillation

Design of Adapters Before delving into each stage, we
first provide an overview of the two adapters, TAN and TA,
as depicted in Figure 3. First adapter, TA, parameterized by
¢, employs 1 x 1 convolutional adapter embedded within
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Figure 2: Overview of our method. In stage 1, the feature extractor is pretrained on the source dataset. In stage 2, an adapter TA
is fine-tuned using the support set data, while the backbone remains frozen. In stage 3, with TA initialized from the outcomes of
stage 2 and adaptive distillation applied using the logits from the stage 2 model for teacher prediction, both adapters are further
fine-tuned on the support set. The classifier c is reinitialized at the beginning of each stage. The adaptive coefficient, Ay, varies

based on domain similarities.

each 3 x 3 convolutional layer without a normalization layer,
following Li, Liu, and Bilen (2022). The role of TA is pivotal
in adapting to similar domains, as it does not interfere with
the well-represented batch statistics.

In contrast, TAN, parameterized by ¢, is equipped with a
Standard Normalization layer (SN), which is a batch normal-
ization layer without affine layer that integrates the statistics
of the target domain, combined with a group convolutional
layer. The inclusion of this normalization layer in TAN is
crucial for domain adaptation in dissimilar domains, as it
gathers additional statistics from the target domain. Further-
more, we introduce an extra group convolution layer to ac-
commodate larger receptive fields with fewer parameters,
replacing the role of an affine layer. Detailed insights into
these design choices are explored in Section 4.3.

The effects of these adapters are summarized in Table 1.
More detailed results are presented in Section 4.3. As ob-
served, TAN excels in dissimilar domains (+4.1%), high-
lighting the efficacy of the normalization layer in handling
low domain similarity. This finding supports that incorpo-
rating the batch statistics of the target domain is essential
for dissimilar domains. Conversely, TA performs better in
similar domains (+2.8%), suggesting that the noisy nature
of statistics can hinder the training process for high domain
similarity. This observation paves the way for the introduc-
tion of an adaptive mechanism designed to amplify the ac-
tivation of TAN for dissimilar domains and TA for similar
ones, which will be discussed subsequently.

Step-by-Step Methods As discussed, training one of the
two adapter choices is advantageous either for similar or dis-
similar domains, but not both. This necessitates an adaptive
method to function as a switch, allowing us to selectively
employ primary adapters based on domain similarity. Moti-
vated from this insight, our method comprises three distinct
training stages with these adapters.
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Avg, AVg
Adapter Similar  Dissimilar
TA 68.0 81.7
TAN 65.2 85.8

Table 1: Summary of accuracy using each proposed adapter
based on domain similarity.

In stage 1, we pretrain the feature extractor, parameterized
by 6, using source data, as a transfer learning approach has
been demonstrated to be effective for CD-FSL (Guo et al.
2020). Formally, let D, = {(x,y)} be a source dataset
comprising image and label pairs. We train the model on
this source dataset using the cross-entropy loss, defined with
dataset D and embedding function f, as follows:

Lon(f,D) ==Y ylog(f(x)) )

x,yeD

For pretraining, we use Lcg(fo, Dp) as a loss function.

In stage 2, our primary objective is to train TA while
keeping the feature extractor frozen and then save the fea-
tures to be used as the teacher, denoted by Y. This phase
plays a crucial role in steering the subsequent training of
TAN, as both the teacher features and the initialized pa-
rameters of TA are determined at this stage. In particular,
let S = {(xi,yi)}ﬁll be a support set consisting of |S]
image-label pairs, which is divided into X = {x;}/° and
Y = {yz}lﬂl We train TA using Log(f,e,,5) as a loss
function. Then, Yy is calculated with Y = fp 4, (X).

In stage 3, we proceed to train both TAN and TA, initializ-

ing TA with the values trained in the second stage, denoted
as @y, , to set a starting point for further training. Moreover,
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Figure 3: The entire structure of our adapters for each
ResNet block. TA is 1 x 1 convolutional adapter parame-
terized by matrix. TAN consists of normalization layer (SN)
without affine layer followed by group convolutional layer.

we apply distillation using the teacher Y. This distillation
is modulated based on domain similarities by an adaptive
coefficient A\y. This coefficient is determined by the func-
tion g( fg, S), giving us an approximation of the domain shift
magnitude. With this adaptive distillation, our method can
select the required adapters depending on domain similari-
ties. In the case of similar domains, our method prompts a
more distillation and hence relies on TA for adaptation since
the activation of TAN is reduced to follow the teacher Yt.
On the contrary, for dissimilar domains, our method priori-
tizes the influence of the ground truth one-hot labels during
training, applying minimal distillation and consequently al-
lowing TAN to play a more dominant role in adaptation. As
the classification depends on the cosine distance, distillation
loss is computed using cosine similarity defined as:

J0.6m.00 (%) Ft

— 2
Toomgn OlbIFez 2

05 (f0,6m 60> X, Ve) = D

xEX, Pt €Yy

where Lg;sti; = 1 — cos. As a result, the final training loss
for this stage is defined as:

Liotat = (1 = A7) - Lee(fo.6.0.6055)
+ A7 - Laistitn(fo,6m 60> X, Y2)

Subsequently, we explore potential methods to compute Ay

3.2 Domain Adaptive Coefficient for Distillation

An adaptive coefficient A is essential for modulating the
activation of TAN, thereby selectively utilizing additional
target statistics based on domain similarity. Several ap-
proaches could be employed to design the g function to com-
pute A7, aiming to estimate domain similarity without ad-
ditional parameters. In the following sections, we will ex-
plore two such variants: one based on similarities between
features, and the other on performance metrics. An in-depth
exploration of the impact of A7 is detailed in Section 4.3.
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Figure 4: Correlation between our adaptive coefficient using
similarity difference and domain similarity using EMD.

Difference between Inter-class and Feature Similarities
To estimate domain similarity, we utilize embedded fea-
ture similarities. Two metrics are defined in classification
tasks: intra-class similarity, which measures the similarity of
features within each class, and inter-class similarity, which
evaluates the similarity between class prototypes. The dis-
tinction between these similarities helps determine how indi-
vidual class features cluster relative to the entire feature dis-
tribution, as a larger difference in these similarities implies
a more pronounced domain similarity. However, for classes
represented by a single sample, computing the intra-class
similarity is not feasible. There, our method uses feature
similarities, which measure the similarity across all feature
pairs, as an alternative. Hence, our method estimates domain
similarity by comparing the distinctness of class prototypes
to the similarity between pairs of individual samples.

To determine both types of similarities, we compute the

. .. .. t
cosine similarities separately. Let cosle

denote the cosine

ij
similarity between the i-th and j-th features, and cos """~

denote the similarity between the class prototypes of the i-
th and j-th classes. Each cosine similarity is evaluated using
Eq. (2). The adaptive distillation coefficient is derived by
considering the difference between the computed similari-
ties, as follows:

inter—cls
ij

1 ea
AT =exp(B-(] A > costi—

i<j

NLZ COoS

i<j

-1)) 3)

In this equation, 3 is a scaling factor, N denotes the num-
ber of feature pairs from support set and N, represents the
number of class pairs. We employ the exponential function
due to its value range being constrained between zero and
one. According to this equation, a larger difference between
the two similarity measures results in a higher A, which is
favorable for similar domains as intended. Coefficients cal-
culated with Eq. (3) exhibit a high correlation with domain
similarity, as illustrated in Figure 4, showcasing the efficacy
of this metric as a reliable estimator of domain similarity.
We refer to this technique as ProLAD—-sim.

Support Set Loss & Accuracy Another metric to estimate
domain similarity utilizes performance indicators from the
pretrained feature extractor on the support set, such as loss
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and accuracy. These metrics are especially relevant in under-
standing task distribution shift (Luo, Xu, and Xu 2022; Luo
et al. 2023) or task difficulty (Oh et al. 2022), both corre-
lating with domain shift. A closer domain similarity is indi-
cated by a lower loss and higher accuracy. Specifically, let
acc denote the accuracy and Lorq = Logr(fe, S) be the
loss on the support set S, where the loss is computed using
Eq. (1). The adaptive coefficient is then given by:

A =exp (=B Lorig - (1 — acc)) (€))
As for ProLAD-sim, we employ the exponential function
with [ as a scaling factor. This equation implies that higher
losses and lower accuracies yield lower coefficients suited
for dissimilar domains, while the inverse leads to higher
coefficients optimal for similar domains. We term this ap-
proach ProLAD—-1loss.

4 Experiments
4.1 Experimental Setup

Datasets We utilize the Meta-Dataset (Triantafillou et al.
2019), which is a CD-FSL benchmark consisting of 13 dif-
ferent datasets. We evaluate our method using the standard
setting as described in the original paper. For the Single-
Domain Learning (SDL) setting, we first train the feature
extractor on ImageNet and then test it on all 13 datasets in
the Meta-Dataset. On the other hand, for the Multi-Domain
Learning (MDL) setting, we train the feature extractor on 8
datasets and then evaluate its performance on all 13 datasets.
Mean accuracy over the 600 episodes are reported with 95
confidence interval. For the analysis of domain similari-
ties in the SDL setting, we assess domain similarities using
the EMD distance (Rubner, Tomasi, and Guibas 1998). We
classify Traffic Sign, VGG Flower, MNIST, Omniglot, and
Quick Draw as the five most dissimilar domains, while the
others are deemed similar. Details are in Appendix B.

Implementation Details We use the standard ResNet18
(He et al. 2016) model as the feature extractor, which is a
commonly used architecture for CD-FSL (Bateni et al. 2020;
Dvornik, Schmid, and Mairal 2020; Liu et al. 2020; Li, Liu,
and Bilen 2021). For the SDL setting, we adopt the training
procedure proposed in Dvornik, Schmid, and Mairal (2020);
Li, Liu, and Bilen (2022). In the MDL setting, we use Uni-
versal Representation Learning (URL) (Li, Liu, and Bilen
2021) to train on multiple domains to train across multiple
domains, thereby avoiding negative transfer.

For fine-tuning adapters, we utilize the Adadelta opti-
mizer (Zeiler 2012) with a learning rate of 0.5. We set the
scaling coefficient S in distillation to the value of 1.5 for
both variants of ProLAD. We use a large momentum size
of 0.8 for normalization layer because the feature values can
change significantly between epochs. Additionally, we em-
ploy a group size of 8 for the group convolutional network.
More details can be found in the Appendix A.

Baselines For the baselines, we compare our methods to
state-of-the-art methods, including standard fine-tuning and
Protonet-based methods (Triantafillou et al. 2019). We also
consider adapters with meta-net such as Simple CNAPS
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(Bateni et al. 2020), URT (Liu et al. 2020), FLUTE (Tri-
antafillou et al. 2021), tri-M (Liu et al. 2021), Transduc-
tive CNAPS (Bateni et al. 2022), selective method like
SUR (Dvornik, Schmid, and Mairal 2020), hyperparameter-
optimization-based method of BOHB (Saikia, Brox, and
Schmid 2020), and simple linear adapter-based methods like
TSA (Li, Liu, and Bilen 2022) and URL (Li, Liu, and Bilen
2021). For TSA (Li, Liu, and Bilen 2022) in the SDL set-
ting, we have reproduced the results ourselves, incorporating
a data shuffling modification.

4.2 Main Results

Single-Domain Learning (SDL) Table 2 presents the re-
sults of our proposed method on the Meta-Dataset with the
SDL setting. A feature extractor is trained on the ImageNet
dataset and evaluation is carried out on all datasets, includ-
ing ImageNet, with different classes. Both of our meth-
ods surpass other techniques in terms of average accuracy.
Specifically, for the majority of domains, our methods ex-
cel: ProLAD—-1loss performs better in 8 out of 13 domains,
and ProLAD-sim in 11 out of 13. Significant improve-
ments are observed in domains distinctly dissimilar to Im-
ageNet (+4.9%), such as Omniglot (+7.9%) and Traffic Sign
(+7.7%), attributed to the high activation of TAN. For do-
mains closely related to the base domain, like CIFAR-10
(+0.5%), CIFAR-100 (-0.6%), and MSCOCO (-0.3%), our
method demonstrates performance comparable to TSA (Li,
Liu, and Bilen 2022) (+0.8%), which trains TA from scratch,
showing that our method primarily utilizes TA for similar
domains.

Additionally, for most domains, ProLAD-sim that em-
ploys Eq. (3) for coefficient demonstrates superior perfor-
mance over ProLAD-1oss, which utilizes Eq. (4) for its
coefficient. This performance indicates a more favorable
scenario for computing \7: a stronger correlation with do-
main similarity over other considerations. While loss and ac-
curacy on the support set correlate with domain similarity,
they more closely align with the notion of task-level shift
(Luo, Xu, and Xu 2022; Luo et al. 2023) and task diffi-
culty (Oh et al. 2022). However, variations in similarities di-
rectly correlate with domain similarity, as illustrated in Fig-
ure 4. Given the evident superiority of ProLAD—-sim over
ProLAD-1loss, our subsequent experiments will primarily
focus on ProLAD-sim.

Multi-Domain Learning (MDL) Table 3 presents the
overall results of our proposed method on the Meta-Dataset
under the MDL setting. More detailed results for each
dataset, along with their respective confidence intervals, is
presented in Appendix D. The MDL setting is considered
less challenging than the SDL setting because the feature ex-
tractor is pre-trained on multiple domains, specifically eight
domains, which increases the likelihood that some of the do-
main properties of the test set have already been learned.
Nevertheless, both ProLAD-loss and ProLAD-sim still
outperform other methods in both seen and unseen domains,
although not to the same degree as in the SDL setting,
given the limited presence of domains significantly distinc-
tive from the source. Overall, the results demonstrate the ef-
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Finetune  Protonet _I\I,)[f&t\(/)[L BOHB CSII\III}A%% FLUTE TSA ProLAD-loss ProLAD-sim
ImageNet 458+1.1 505+1.1 495+1.1 519+1.1 548+12 469+1.1 571+12| 578%12 572+1.1
Omniglot 609+1.6 60.0+14 634+13 67.6+12 620+13 61.6+14 762+1.2 82.7+1.1 84.1+1.2
Aircraft 687+13 531+10 56.0+1.0 54.1+£09 492+09 485+10 719+1.0 748+1.2 76.1+1.2
Birds 573+13 68.8+1.0 68.7+1.0 70.7+09 665+1.0 479+1.0 744+£09 74.1+1.0 755+£1.0
Textures 69.0+09 666+0.8 665+0.8 683+08 71.6+0.7 63.8+0.8 769+0.7 77.1+£0.8 777 £0.8
Quick Draw  42.6+1.2 49.0+1.1 515+£1.0 503+1.0 56.6+10 57.5+1.0 664+09 69.6 + 1.0 70.6 £ 1.0
Fungi 382+1.0 39.7+x1.1 400+1.1 414+11 375+12 31.8+1.0 467+1.1 46.1 £ 1.1 468 +1.2
VGG Flower 855+0.7 853+0.8 87.2+0.7 87.3+0.6 82.1+£09 80.1£09 91.2+£0.5 92.2+£0.6 92.9 + 0.6
Traffic Sign  66.8+13 47.1+1.1 488+1.1 51.8+1.0 63.1+1.1 465+1.1 819+%1.0 89.6 0.9 89.4+0.9
MSCOCO 349+1.0 41.0+1.1 437+1.1 480+1.0 414+1.0 458+1.0 557+1.0 546+ 1.1 554+1.1
MNIST - - - - - 80.8+0.8 929+0.6 955+0.5 95.8 £0.5
CIFAR-10 - - - - - 654 +£0.8 79.4+0.7 79.2+0.8 79.7 £ 0.8
CIFAR-100 - - - - - 527+1.1 709+1.0 70.1+0.9 703 £1.0
Avg. seen 45.8 50.5 49.5 51.9 54.8 46.9 57.1 57.8 57.2
Avg. unseen 58.2 56.7 58.4 60.0 59.3 53.2 73.7 75.4 76.2
Avg. similar 53.6 53.8 55.0 56.5 53.2 51.0 68.0 68.0 68.8
Avg. dissimilar 64.0 60.4 62.7 64.3 66.0 65.3 81.7 85.9 86.6
Avg. all 57.0 56.1 57.5 59.2 589 52.6 724 | 74.0 74.7

Table 2: Comparison to state-of-the-art methods on Meta-Dataset with the single-domain setting where the feature extractor is
trained only on ImageNet and then test on all datasets. Mean accuracy, 95 confidence interval are reported.

Oimple  Transductive  gUR  URT FLUTE i-M URL TSA ‘ ProlAD-loss ProLAD-sim
Avg.scen 746 75.1 752 767 762 745 800 802 80.6 80.9
Avg.unscen  65.8 66.5 63.1 622 699 729 693 772 78.2 78.6
Avg.all 712 71.8 705 711 738 739 759 79.0 79.7 80.0

Table 3: Comparison to state-of-the-art methods on Meta-Dataset with the multi-domain setting where the feature extractor is
trained on 8 datasets and then test on all datasets. Mean accuracy is reported.

fectiveness of our method in the easier MDL setting as well.

4.3 Ablation Study

Performance of Each Adapter Table 4 shows the perfor-
mance of each adapter in the SDL setting. TA excels in do-
mains closely related to the base domains (+2.6%), whereas
TAN performs better on tasks with low domain similarity
(+4.1%). These findings corroborate our hypothesis: while
incorporating batch statistics from the target domain aids
performance in dissimilar domains, it might be less benefi-
cial for similar domains due to the noisy statistics from few-
shot scenarios. Furthermore, training both adapters from
scratch yields performance on par with TAN, suggesting that
the activation strength of TAN surpasses that of TA. Thus, in
the absence of distillation, activation of TAN predominantly
serves the adaptation, highlighting that distillation can guide
the selection of primary adapters during fine-tuning. Our
approach exhibits performance akin to TA in similar do-
mains and mirrors TAN in dissimilar domains, implying that
our method effectively increases the activation of optimal
adapter based on the domain similarity.

Progressive Learning and Adaptive Distillation Table 5
illustrates the impact of progressive learning and adaptive
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distillation in stage 3. For this analysis, we exclusively em-
ploy ProLAD-sim, where the coefficient is determined us-
ing Eq. (3). Collectively, both progressive learning and adap-
tive distillation emerge as crucial for regularization during
the concurrent training of both adapters; this is evidenced
by the peak performance exhibited by ProLAD. Notably,
adaptive distillation considerably enhances performance, in-
dicating the pivotal role it plays in dynamically controlling
the activation of the two adapters.

Efficacy of Adaptive Coefficient Figure 5 illustrates the
performance based on a fixed coefficient Ay in conjunc-
tion with the average coefficient of ProLAD—sim and
ProLAD-loss. For similar domains, the results suggest
that while a higher coefficient is generally favorable, an ex-
cessively large coefficient leads to decreased performance.
This decline stems from the potential risks of relying solely
on distillation, given the difference architectures of student
and teacher. For dissimilar domains, a lower coefficient is
typically preferred as TAN performs better in these scenar-
i0s. The coefficient of ProLAD—-sim closely matches the
optimal fixed coefficient and outperforms all fixed coeffi-
cients. This is because, within the same domain, it can mod-
ulate the distillation based on target classes. In contrast,
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Adapter Image Omni Airc Birds Tex Quick Fun- VGG Traffic MS MN CIFAR CIFAR| Avg. Avg. Dis Avg.

P -net -glot -craft -tures Draw gi Flower Sign -COCO -IST -10 -100 |Similar -similar all
TA 57.1 762 719 744 769 664 4677 912 819 557 929 794 709 | 68.0 817 724
TAN 552 841 732 716 757 69.0 425 912 8.8 509 949 762 66.6 | 652 858 724
TAN + TA 554 834 721 717 743 69.0 424 916 89.7 49.6 957 751 659 | 644 859 720
ProLAD-sim 57.2 84.1 76.1 755 77.7 70.6 468 929 894 554 958 79.7 703 ‘ 68.8 86.6 74.7

Table 4: The ablation study on the adapters in the SDL setting. The term ‘Adapter’ refers to the combination of adapters trained

from scratch.

Image Omni Airc 4. Tex Quick VGG Traffic MS Avg.
Method -net -glot -craft Birds -tures Draw Fungi Flower Sign -COCO MNIST CIFARIO0 CIFAR100 all
S 554 834 721 717 743 69.0 424 916 89.7 49.6 95.7 75.1 65.9 72.0
P 56.2 833 743 712 738 697 434 914 90.7 507 95.5 739 66.8 72.4
D+A 56.6 827 745 741 76.8 69.5 455 923 89.7 547 95.9 79.3 69.3 73.9
P+D+ A (ours) 572 841 76.1 755 777 70.6 468 929 894 554 95.8 79.7 70.3 74.7

Table 5: Results from the ablation study examining progressive learning and adaptive distillation on the Meta-Dataset within
the SDL setting. ‘S’ denotes training both adapters from scratch, ‘P’ represents progressive learning, ‘D’ signifies distillation,
while ‘A’ corresponds to adaptive coefficient calculated with Eq. (3).

Similar Domains Dissimilar Domains
*

N A .0‘ .

. .

68 -
86

67
85

Accuracy
Accuracy

66

84

1.0 0 0.2

65,

0.2

1.0

04 06 08
Coefficient At

04 06 08
Coefficient A

0

Figure 5: Performance by coefficient A based on domain
similarities. The green mark denotes the maximum value
point with a fixed coefficient. The red and purple marks rep-
resent the performance using Eq. (3) and Eq. (4), respec-
tively, where the value of x is the average coefficient across
all samples. Our estimated coefficient value closely aligns
with the ideal coefficient of a fixed value.

ProLAD-1loss calculates A\ similarly to the optimal value
for similar domains but differs for dissimilar domains. This
difference arises because even though these dissimilar do-
mains are distinct from the source, they are relatively easy
tasks, resulting in higher accuracy. Comprehensive results
for each dataset can be found in Appendix D.

Components of TAN Adapter Finally, we present an abla-
tion study on the individual components of TAN when com-
bined with ProLAD—-sim, as provided in Table 6. Full re-
sults are given in Appendix D. Our findings indicate that
normalization is pivotal for adaptation; removing SN leads
to a decline in performance. Furthermore, our analysis sug-
gests that the FiLM layer is not adequate for feature mod-
ulation since its combination with SN does not enhance
performance. While the group convolution underperforms
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#  Architecture #params ‘se\;gn' u/r?:ege.n A;i‘lg
(1) FIiLM 2.38% | 572 744 73.0
(2) Conv 857% | 572 74.8 73.4
(3) GroupConv 9.35% | 56.0 739 72.6
(4) SN + Conv 857% | 56.0 175.6 74.1
(5) SN + FiLM (BN) 2.38% | 57.1 745 73.1
(6) SN + GroupConv (Ours)  9.35% | 57.2 76.2 74.7

Table 6: Ablation study on the TAN components. ‘Conv’ de-
notes a 1 x 1 convolutional layer, ‘FiLM’ refers to a FILM
layer. “#params’ indicates the number of parameters added
for adapters relative to the total parameters in ResNet18.

on its own, its combination with SN delivers the best per-
formance, underscoring the significance of large receptive
fields in feature modification when the features are normal-
ized. In summary, our proposed design surpasses other com-
binations with a similar number of additional parameters.

5 Conclusion

In this paper, we present a method of leveraging normaliza-
tion layer in adapters with progressive learning and adaptive
distillation. Our method employs two distinct adapters: one
equipped with a normalization layer that leverages statis-
tics from the target domain, and another without it. These
adapters are trained using progressive learning and adaptive
distillation. Our approach adeptly addresses the challenges
posed by diverse test domains in CD-FSL by selecting the
primary adapter based on domain similarity. Experimental
results on the standard benchmark, Meta-Dataset, highlight
our method’s outstanding performance.
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