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Most existing few-shot classification methods only consider generalization on one dataset (i.e., single-domain),
failing to transfer across various seen and unseen domains.
In this paper, we consider the more realistic multi-domain
few-shot classification problem to investigate the crossdomain generalization. Two challenges exist in this new
setting: (1) how to efficiently generate multi-domain feature representation, and (2) how to explore domain correlations for better cross-domain generalization. We propose a
parameter-efficient multi-mode modulator to address both
challenges. First, the modulator is designed to maintain
multiple modulation parameters (one for each domain) in a
single network, thus achieving single-network multi-domain
representation. Given a particular domain, domain-aware
features can be efficiently generated with the well-devised
separative selection module and cooperative query module.
Second, we further divide the modulation parameters into
the domain-specific set and the domain-cooperative set to
explore the intra-domain information and inter-domain correlations, respectively. The intra-domain information describes each domain independently to prevent negative interference. The inter-domain correlations guide information sharing among relevant domains to enrich their own
representation. Moreover, unseen domains can utilize the
correlations to obtain an adaptive combination of seen domains for extrapolation. We demonstrate that the proposed
multi-mode modulator achieves state-of-the-art results on
the challenging META-DATASET benchmark, especially for
unseen test domains.

1. Introduction
Few-shot classification aims to train a model that can
generalize on unseen novel classes with only few labeled
* Part of this work was done when Yanbin Liu was an intern at Baidu
Research. Yi Yang is the corresponding author.
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Figure 1. Multi-domain few-shot classification differs from singledomain few-shot classification in two aspects: (1) it contains multiple diverse datasets for training and extra unseen domains for
test; (2) there exists potential correlations across multiple domains,
e.g., both Omniglot and QuickDraw contain simple shapes.

examples in each novel class. Recent progress has been
made by the meta-learning paradigm: instead of learning
about any training class in particular, few-shot algorithms
exploit the training classes to learn to recognize new classes
with few examples. Excellent results are achieved on common benchmarks (e.g., Omniglot [21], miniImageNet [33])
by a series of methods [28, 50, 53, 51, 52, 4, 43, 7, 18]. Despite their success, most of them train and evaluate on only
one dataset (i.e., single-domain), failing to learn generalized
model across different visual domains (i.e., multi-domain).
In fact, the need for cross-domain generalization is prevalent in practical applications [44, 13, 24, 23, 14, 11, 26]. For
example, we would expect a model trained on ImageNet [6]
to be applied on TrafficSigns [17] without collecting extra
target training examples (Figure 1).
To break the limitations of existing few-shot classification methods and benchmarks, [44] have proposed a new
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benchmark, META-DATASET, consisting of multiple diverse datasets and raised the new problem of multi-domain
few-shot classification. It differs from conventional singledomain few-shot classification in two aspects (as shown in
Figure 1): (1) It contains multiple diverse datasets for training and extra unseen domains for test; (2) potential correlations exist across multiple domains, e.g., both Omniglot
and QuickDraw contain simple shapes.
These differences pose two challenges for multi-domain
few-shot classification: (1) how to efficiently generate
multi-domain representation, and (2) how to explore domain correlations for better cross-domain generalization.
Current multi-domain methods can not address these challenges well. For example, CNAPs [34] trains a general
adaptation network using all training datasets, leading to
the single-mode and general-purpose adaptation. For substantially different domains (e.g., ImageNet and Omniglot
in Figure 1), this single-mode adaptation network may be
insufficient to handle all domains and potential interference
may occur. In contrast, SUR [10] pre-trains multiple independent feature extraction networks to obtain the multidomain feature representation. However, it is inefficient to
maintain multiple replications of the feature extraction networks and domain-level information sharing is prohibited.
To address the drawbacks of the above methods, we propose a Multi-Mode Modulator (tri-M) to simultaneously
model the multi-domain feature representation and crossdomain correlations in a single network. First, the modulator is devised to achieve multi-domain representation by
incorporating multiple modulation parameters in a single
network, where each parameter describes a particular domain (called a mode). Given a dataset, the domain-aware
features are efficiently generated by the well-designed separative selection and cooperative query mechanism.
Second, to explore the domain correlations, the modulation parameters are further divided into two sets: the
domain-specific set and the domain-cooperative set, which
work complementarily to explore both the intra-domain and
inter-domain information. Concretely, the domain-specific
set describes each domain independently to prevent negative interference among distant domains, e.g., ImageNet
and Omniglot. The domain-cooperative set captures the
inter-domain relations to guide beneficial information sharing among relevant domains to enrich their own domainspecific representation. Moreover, with the learned domain
relations, the unseen domains can be described by an adaptive combination of the relevant seen domains, showing the
extrapolation ability of our model.
Moreover, by design, our modulator is flexible to change
the number of modes to deal with varying numbers of
datasets and the number of modulation layers to satisfy desired model capacity. In experiments, we show the effectiveness of each component in our model and visually in-

terpret how the selection and query mechanism work on the
domain-specific and domain-cooperative sets of parameters.
In summary, our main contributions are three-fold:
• We propose a multi-mode modulator to deal with the
multi-domain few-shot classification problem. The
domain-aware features can be efficiently generated
with our single-network multi-domain model.
• We explicitly model the domain correlations by the
domain-specific and domain-cooperative parameter
sets. They work complementarily to extract both the
intra-domain and inter-domain information.
• We achieve state-of-the-art performance on the challenging META-DATASET benchmark, especially for
unseen test domains.

2. Related Work
Meta-learning. Recent few-shot learning methods rely
on the meta-learning [42, 38, 37] paradigm. Most of
them are divided into two types: metric-based methods and
optimization-based methods. Metric-based methods [47,
40, 51, 41, 31] utilize a feature encoder to extract features
from both the labeled and unlabeled images and employ a
metric function (e.g., euclidean distance [40]) to calculate
the similarity scores for predicting the category of unlabeled
images. Optimization-based methods [12, 33, 35, 48] learn
an update rule for the parameters of a base-learner model
with the few examples from a sequence of episodes.
Multi-domain and cross-domain few-shot classification. Chen et al. [4] recently found that current metalearning approaches do not generalize well to the unseen
domains. To mitigate this, [44] proposed a more realistic,
large-scale and diverse benchmark: META-DATASET and
raised the new problem of multi-domain few-shot classification (see Figure 1). META-DATASET provides a welldefined evaluation test-bed and inspired a series of new fewshot learning methods [34, 10, 2, 27, 3, 8, 1, 45, 36].
Similarly, [13] proposed the cross-domain few-shot
learning (CD-DSL) benchmark, in which ImageNet [6] is
used for source training, and domains of varying dissimilarity from ImageNet (ranging from crop disease, satellite,
and medical images) are used for target evaluation. Crossdomain few-shot learning differs from multi-domain fewshot learning in that it focuses on the domain-shift from the
source training domain to different target evaluation ones
while multi-domain few-shot learning tries to learn a wellperforming model for both seen and unseen domains.
Multimodal feature representations for few-shot
learning. A straightforward way to use multiple representations is simply training N individual models and apply a
feature-level or prediction-level fusion. [9] designs an ensemble of deep networks to leverage the variance of classi-
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from the domain-specific parameter set and the query vector
queries parameters from the domain-cooperative parameter
set. Then, they are fused with α and 1 − α to get the layerwise parameters γℓ , βℓ for feature modulation. Overall, our
framework achieves the single-network multi-domain feature representation in a parameter-efficient way. In the following, we first describe the layer-wise feature modulation,
and then explain how the modulation parameters are generated and fused. Finally, we describe the classifier.

4.1. Layer-wise Feature Modulation
Feature adaptation is a critical issue in few-shot learning since the model has to quickly generalize after seeing
very few examples. Existing methods [12, 33] address this
issue by adapting all the network parameters using few support examples, which are usually slow and prone to overfitting [44].
To adapt the network parameters in a parameter-efficient
manner, we utilize a Feature-wise Linear Modulation
(FiLM) layer [32]. The main idea is to freeze the parameters
of a pre-trained backbone network and apply a channel-wise
linear transformation for feature modulation. Specifically,
for an input image x, FiLM scales and shifts its l-th layer
feature map Fℓ (x) ∈ RH×W ×C as
  \label {eq:film} \hat {\bm {F}}_\ell (\bm {x}) = \bm {F}_\ell (\bm {x}) \odot \bm {\gamma } + \bm {\beta }\,, 

(1)

where γ ∈ RC , β ∈ RC are the learnable parameters,
H, W and C indicates the height, width and channel number of feature maps.
In our implementation, the FiLM layer is applied to every convolution block between batch normalization (BN)
and ReLU. Intuitively, since the linear transformation is applied after BN layer, the pre-trained BN statistics (i.e., mean
and variance) can be adapted to match the target dataset.
Therefore, the distribution of the output feature maps can
be well-aligned to the target dataset. Moreover, for multiple datasets, it is parameter-efficient to achieve multi-mode
feature adaptations with different (γ, β).
Formally, if we denote f as the neural network function, θ as the pre-trained network parameters. The feature representation for an image x can be denoted as z =
fθ (x; {γℓ , βℓ }L
ℓ=1 ), where γℓ , βℓ are the modulation parameters of layer ℓ.

4.2. The Multi-Mode Modulator
Given M datasets, a straightforward way to implement
multi-domain representation is to pre-train M individual
networks [10]. Although being simple to implement, it is
inefficient to train M models and inference M times. Moreover, the domain relations are ignored for potential knowledge transfer across datasets. Another way is to train a
general feature adaptation network for all datasets [34, 48].
This single-mode adaptation can not be equally effective for

substantially different datasets and may cause interference,
e.g., ImageNet and Omniglot.
In contrast, we apply a single-network multi-mode
feature modulation. Each mode represent a particular dataset/domain, and has its own learnable parameters that are further divided into two sets: the domainspecific set {(γiτ , βiτ )}M
i=1 and the domain-cooperative set
{(γiζ , βiζ )}M
.
The
specific
set provides separated adaptai=1
tion for each domain to prevent interference while the cooperative set explores useful correlations to encourage information sharing. These two sets work complementarily
to achieve effective intra-domain and inter-domain adaptation.
4.2.1

Task Network

To generate domain-aware features, we utilize a task network to obtain domain-level description VS for each learning task. Specifically, we first feed the support set images
S = {xs }N
s=1 to a lightweight network with 5 sequential
blocks (each block contain a 3×3 convolution with 64 channels followed by BN, ReLU, and 2 × 2 max pooling). Then
the outputs are average-pooled in both spatial and batch dimension to get a single descriptor VS ∈ R1×64 of the support set S. The descriptor is invariant to the permutation of
the support set due to the average pooling. More details are
in the supplementary material.
4.2.2

Domain-specific Parameter Generation

Separative parameter selection. The domain descriptor
VS encodes the necessary information to infer the domain
identity of the support set S. Therefore, we can employ
a hard-gating mechanism to choose the proper domainspecific parameters from M existing modes. Specifically,
let W g ∈ R64×M and bg ∈ R1×M be learnable parameters. Then we can construct the selection gates as
  \bm {g} = \mathrm {softmax}(\bm {V}_\mathcal {S}\bm {W}^g + \bm {b}^g) \in \mathbb {R}^{1 \times M},

(2)

where gi indicates the probability that the support set S belongs to the i-th mode. We choose the mode index k with
highest probability, i.e., k = arg maxi gi and select the
domain-specific parameters as (γ g , β g ) = (γkτ , βkτ ). To
ensure each member in the domain-specific parameter set
exclusively describe the corresponding domain, we introduce a domain classification loss. During training, the domain identity of the the support set S is known in advance.
Using this as the ground truth ydomain , we define the domain
classification loss as
  \label {eq:gate} L_\text {domain} = \lambda \mathcal {L}^\text {CE}(\bm {g},\bm {y}_\text {domain})\,, 
CE

(3)
1×M

where L denotes cross-entropy loss, ydomain ∈ R
denotes the one-hot ground-truth vector of domain, and λ > 0
is a hyperparameter controlling the effect of the loss.
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4.2.3

Domain-cooperative Parameter Generation

Domain collaboration. Although the hard-gating and domain loss prevent interference among various modes of the
domain-specific parameter set, they also block effective information sharing across domains. To resolve this issue,
we explore the mode correlations through another set of
parameters: domain-cooperative set {(γiζ , βiζ )}M
i=1 . These
parameters are originally uncorrelated with random initialization, so we use Transformer [46] to explicitly learn the
potential correlations among domains. An attention function generates the correlated transformation of the inputs as
  \nonumber \mathrm {Attn}(\bm {Q}, \bm {K}, \bm {V}) = \mathrm {softmax}( \bm {Q}\bm {K}^\top / \sqrt {d_k} )\bm {V},
where dk is the feature dimension of Q, K. To increase the
expressive power, multi-head attention is usually applied as
 \nonumber \text {MHAttn}(\bm {Q},\bm K,\bm V) = \text {Concat}(\text {head}_1,\dots ,\text {head}_h)\bm {W}^O\,,
where headi = Attn(QWiQ , KWiK , V WiV ), WiQ ∈
Rd×dk , WiK ∈ Rd×dk , WiV ∈ Rd×dv , and W O ∈
Rhdv ×d . To apply the multihead attention, we first pack
ζ
{γiζ }M
∈ RM ×C and {βiζ }M
i=1 into a matrix γ
i=1 into
ζ
M ×C
β ∈ R
. Then, the correlated parameters are computed as γ corr = MHdAttn(γ ζ , γ ζ , γ ζ ) and β corr =
MHAttn(β ζ , β ζ , β ζ ). Now, (γ corr , β corr ) are the correlated
parameters taking domain collaboration into account. For
example, relevant domains such as Omniglot and QuickDraw may have similar parameters.
Cooperative parameter query. We employ a quey strategy to obtain the domain-cooperative parameter. At first,
the query vector is obtained QS = VS W a + ba ∈ R1×C .
Then, the query scores
of γ corr is computed as sγ =
√
corr ⊤
softmax(Qγ
/ C) ∈ R1×M . Finally, the queried paa
γ corr
rameter is γ = s γ . Similarly, β a can be obtained. For
a seen domain, the query of domain-cooperative parameters can activate all its related modes by properly setting the
query scores. Thus, the parameters of all activated modes
can be jointly learned, which potentially increases the training data of all related domains. For an unseen domain, although it is not shown at training time, it can still utilize the
learned query mechanism to find a weighted combination
of the relevant existing domain-cooperative parameters for
appropriate feature modulation. Therefore, our model provides an effective way of extrapolating to unseen domains.
4.2.4

Parameter Fusion

Having selected the domain-specific parameters (γ g , β g )
and computed the domain-cooperative parameters (γ a , β a ),
we combine them into the final modulation parameters. Due
to the diverse nature of the training tasks and datasets,

a naı̈ve average fusion may not be optimal. Instead,
we use the adaptive fusion scheme for channel-wise fusion. We first compute the adaptive fusion ratio as α =
sigmoid(VS W f + bf ) ∈ R1×C , and then combine the parameters as γ = αγ g + (1 − α)γ a , β = αβ g + (1 − α)β a .
Doing so, the model can choose proper fusion ratio according to the characteristic of the support set.

4.3. Classifier
Metric-based classifier has been widely-used in few-shot
learning [47, 40, 41, 2] and reported to improve performance. Following [2], we use the structured Mahalanobis
distance to formulate our classifier since it shows promising performance. We first compute the adapted features
N
L
for the support set, {zs }N
s=1 = fθ ({xs }s=1 ; {γℓ , βℓ }ℓ=1 ).
Then for each class, we compute the class mean µk and
regularized covariance matrix Qk . Given a query feature
zq = fθ (xq ; {γℓ , βℓ }L
ℓ=1 ), the class probability is constructed as
  \nonumber p(y_q=k|\bm {x}_q) \propto \exp (-(\bm {z}_q-\bm {\mu _k})^T\bm {Q}_k^{-1}(\bm {z}_q-\bm {\mu }_k))\,. 

5. Experiments
We present the experiments to analyze the performance
of our multi-mode modulator. We first describe the datasets
being used and implementation details, and present a comparison of ours to the recent state-of-the-art methods.
Next, we show the effectiveness of the domain-specific and
domain-cooperative parameter sets, accuracy under various
choice of the number of modes and number of modulation
layer groups. Finally, we present interpretable visualizations of the selection gates (domain-specific parameter set)
and query scores (domain-cooperative parameter set).

5.1. Datasets and Implementation Details
Benchmark. We test our method on the large-scale
multi-domain few-shot learning benchmark METADATASET [44]. It consists of 10 widely used datasets with
various data distributions from different visual domains,
including natural images (ImageNet [6], Birds [49], VGG
Flower [30], Fungi [39]), common objects (MSCOCO [25],
Traffic Signs [17], Aircraft [29]), hand-written characters
(Omniglot [21], Quick Draw [15]) and textures (Describable Textures [5]). To be consistent with previous
work [34, 10], we train our model on the official training
splits of the 8 datasets (according to [44]) and use the test
splits of each dataset to evaluate the in-domain accuracy.
In addition, we use the remaining two (Traffic Signs
and MSCOCO) as well as 3 external datasets, namely
MNIST [22], CIFAR10 [20] and CIFAR100 as the unseen
domains to evaluate the out-of-domain accuracy. All 13
datasets are used to report the overall accuracy. Few-shot
tasks are generated following [44]. The generated tasks
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Table 1. Comparison to the state-of-the-art methods on META-DATASET. Error intervals show the 95% confidence interval, and the
numbers in bold have intersecting confidence intervals with the most accurate method. Average rank is obtained by ranking methods on
each dataset and averaging the ranks. Due to the shuffling issue2 , Meta-Dataset updated the evaluation on TrafficSigns. Therefore, We
report the updated accuracy of all methods on TrafficSigns (i.e. 63.0 ± 1.0 for tri-M) in the Supplementary.
Dataset
ImageNet
Omniglot
Aircraft
Birds
Textures
QuickDraw
Fungi
VGGFlower
TrafficSigns
MSCOCO
MNIST
CIFAR10
CIFAR100
In-Domain Avg
Out-of-Domain Avg
Overall Avg
Average Rank
Learnable Parameters
Forward Pass

ProtoMAML [44]
47.9±1.1
82.9±0.9
74.2±0.8
70.0±1.0
67.9±0.8
66.6±0.9
42.0±1.1
88.5±0.7
52.3±1.1
41.3±1.0
NA
NA
NA
67.5
46.8
63.4
7.2
10.49M
1

BOHB-E [36]
55.4±1.1
77.5±1.1
60.9±0.9
73.6±0.8
72.8±0.7
61.2±0.9
44.5±1.1
90.6±0.6
57.5±1.0
51.9±1.0
NA
NA
NA
67.1
54.7
64.6
5.7
NA
1

AR-CNAPS [34]
52.3±1.0
88.4±0.7
80.5±0.6
72.2±0.9
58.3±0.7
72.5±0.8
47.4±1.0
86.0±0.5
60.2±0.9
42.6±1.1
92.7±0.4
61.5±0.7
50.1±1.0
69.7
61.5
66.5
6.1
13.4M
1

can be of varying number of classes, varying number of
shots and class imbalance. For evaluation, 600 tasks on
each dataset are sampled and the average accuracy of each
dataset, in-domain, out-of-domain and overall are reported.

Implementation Details. For a fair comparison, we follow [34, 2] to employ ResNet18 [16] as the backbone which
is pre-trained on the training split of the META-DATASET
version of ImageNet. The proposed multi-mode modulator
is applied on all except for the first convolutional layers. For
multihead attention, h = 3, dk = dv = 32. λ in Eq. 3 is
set to 0.001 according to the validation set. Images of all
datasets are resized to 84 × 84 pixels and no data augmentation is applied during training. We train in an end-to-end
fashion for 150,000 episodes with the Adam [19] optimizer,
using a batch size of 16 episodes, and a fixed learning rate
of 0.002.

5.2. Comparison to state-of-the-art methods
We compare our tri-M method with recent state-of-theart few-shot methods and report the results in Table 1. Besides the accuracy metric, we also report the widely-used
average rank which is obtained by ranking methods on each
dataset and averaging them. In Table 1, the proposed multimode modulator achieves the best average rank (+1.0) and
overall accuracy (+1.2%), setting a new state of the art on
META-DATASET. Specifically, our method is among the
most accurate methods on 9 out of 13 datasets, achieves the
best out-of-domain accuracy (+3.2%) and second-best indomain accuracy. The excellent out-of-domain accuracy indicates that our method can effectively generalize to unseen

TaskNorm [3]
50.6±1.1
90.7±0.6
83.8±0.6
74.6±0.8
62.1±0.7
74.8±0.7
48.7±1.0
89.6±0.6
67.0±0.7
43.4±1.0
92.3±0.4
69.3±0.8
54.6±1.1
71.9
65.3
69.3
4.6
9.39M
1

SimpleCNAPS [2]
58.6±1.1
91.7±0.6
82.4±0.7
74.9±0.8
67.8±0.8
77.7±0.7
46.9±1.0
90.7±0.5
73.5±0.7
46.2±1.1
93.9±0.4
74.3±0.7
60.5±1.0
73.8
69.7
72.2
3.1
8.60M
1

SUR-pf [10]
56.4±1.2
88.5±0.8
79.5±0.8
76.4±0.9
73.1±0.7
75.7±0.7
48.2±0.9
90.6±0.5
65.1±0.8
52.1±1.0
93.2±0.4
66.4±0.8
57.1±1.0
73.6
66.8
70.9
3.6
1.67M
8

SUR [10]
56.3±1.1
93.1±0.5
85.4±0.7
71.4±1.0
71.5±0.8
81.3±0.6
63.1±1.0
82.8 ±0.7
70.4±0.8
52.4±1.1
94.3±0.4
66.8±0.9
56.6±1.0
75.6
68.1
72.7
3.2
79.45M
8

tri-M (Ours)
58.6±1.0
92.0±0.6
82.8±0.7
75.3±0.8
71.2±0.8
77.3±0.7
48.5±1.0
90.5±0.5
78.0±0.6
52.8±1.1
96.2±0.3
75.4±0.8
62.0±1.0
74.5
72.9
73.9
2.1
7.78M
1

test domains.
Considering the number of learnable parameters, our
method is the best one among all models which need to forward only one network. SUR-pf [10] has a smaller number
of learnable parameters at the cost of forwarding eight networks, which is inefficient. Note that SUR [10] has more
than 10× learnable parameters3 and 8× forward compared
with our method to achieve a slightly better in-domain accuracy.

5.3. Ablation Study
Effect of the domain-specific and domain-cooperative
parameter sets. Table 2 shows the results comparison
of only using domain-specific (Spec), only using domaincooperative (Coop), and using all (Spec+Coop) parameter sets. The domain-cooperative parameter set generally
performs better than the domain-specific ones. We attribute this to the information exchange across different domains, which potentially leads to increased number of relevant training examples for correlated domains. For example, compared with Spec, Coop on Omniglot and QuickDraw (both contains simple while-and-black shapes) benefits from each other, with an improvements of 2.3% and
1.1%, relatively.
The fusion model, Spec+Coop achieves the best performance over 12 out of 13 datasets and obtains the highest
average accuracy, indicating that the two parameter sets are
mutually complementary and the fusion strategy is effective. Spec+Coop has 7.78M learnable parameters, which is
only 0.13M larger than the single-best model Coop.
2 https://github.com/google-research/meta-dataset/issues/54
3 Note that we only count the trainable parameters for all methods, excluding the ImageNet pre-trained backbone.
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Table 2. Effect of the domain-specific (Spec) and domaincooperative (Coop) parameter sets.
Dataset
ImageNet
Omniglot
Aircraft
Birds
Textures
QuickDraw
Fungi
VGGFlower
TrafficSigns
MSCOCO
MNIST
CIFAR10
CIFAR100
In-Domain Avg
Out-of-Domain Avg
Overall Avg
Learnable Parameters

Spec
55.6
88.2
82.1
73.3
68.2
75.1
48.4
85.9
74.4
53.2
94.8
73.0
61.9
72.1
71.5
71.9
0.22M

Coop
57.5
90.5
81.5
75.2
69.4
76.2
48.0
90.1
76.5
53.3
94.3
74.3
61.8
73.6
72.0
73.0
7.65M

Table 3. Accuracy with various number of modes. {4, 4} denotes
4 domain-specific modes and 4 domain-cooperative modes.

Spec+Coop
58.6
92.0
82.8
75.3
71.2
77.3
48.5
90.5
78.0
52.8
96.2
75.4
62.0
74.5
72.9
73.9
7.78M

Performance of varying number of modes. On METADATASET, there are 8 training datasets representing 8 different domains. By default, in the proposed multi-mode
modulator, we set the number of modes M = 8 for both
the domain-specific and domain-cooperative parameter sets,
aiming to link each mode to a specific dataset. In addition, it is flexible to change the number of modes for each
of the parameter sets to decrease or increase the model
capacity. To decrease the number of modes for domainspecific set, we manually merge different datasets by their
visual similarity to form new domains and calculate a new
domain classification loss (Eq. 3). For example, we can
form 4 new domains: {ImageNet, Birds, DTD}, {Omniglot,
QuickDraw}, {Fungi, VGGFlower}, and {Aircraft}. To increase the number of modes for domain-specific set, we assign 2 modes for each dataset and average their parameters
before hard-gating. To change the number of modes for
domain-cooperative set, we directly modify the cooperative
mode number M .
We experimented with various mode combinations and
report the results in Table 3. The best performance is
achieved with the combination {8, 8}, which contains 8
modes for both parameter sets. This is not surprising since
we have 8 training datasets in total. When we decrease the
modes to {4, 4}, the overall accuracy drops a little, but Omniglot increases slightly. This is due to the increased number of training examples by merging Omniglot and QuickDraw as a new domain. When we increase the modes to
{8, 16} or {16, 16}, the overall accuracy drops. The redundant modes may hinder the datasets to learn the inherent
relationships. Note that when we increase the number of
modes, the number of learnable parameters only increases
slightly. This shows that we can extend our model to much
larger number of datasets (e.g., more than 16) without sig-

Datasets
ImageNet
Omniglot
Aircraft
Birds
Textures
QuickDraw
Fungi
VGGFlower
TrafficSigns
MSCOCO
MNIST
CIFAR10
CIFAR100
In-Domain Avg
Out-of-Domain Avg
Overall Avg
Learnable Parameters

{4,4}
57.9
92.4
82.2
75.2
66.5
77.2
48.3
89.7
75.7
50.2
94.7
73.6
60.9
73.7
71.0
72.7
7.71M

Number of Modes
{8,8} {8,16} {16,16}
58.6
57.7
58.0
92.0
91.6
91.4
82.8
83.2
81.1
75.3
74.7
74.0
71.2
67.0
68.4
77.3
77.6
77.0
48.5
47.5
48.0
90.5
89.8
89.5
78.0
76.8
73.0
52.8
52.7
48.3
96.2
94.8
94.4
75.4
74.7
74.4
62.0
61.5
61.1
74.5
73.6
73.4
72.9
72.1
70.2
73.9
73.0
72.2
7.78M 7.84M
7.90M

nificantly increasing the number of parameters.
Performance of varying number of modulation layer
groups. The ResNet18 [16] backbone has 4 layer groups
with each group containing 2 building blocks and each
block containing 2 convolutional layers. By default, feature modulation is applied after the BN of each convolutional layer (details in the supplementary). In order to study
the modulation property with respect to different layers,
we gradually add modulation from deep to shallow layer
groups. As a special variant, we only add modulation on the
second convolutional layer in each of the building blocks
across all layer groups, dubbed half in Table 4.
From Table 4, we can see that the accuracy increases
with the increased number of modulation layer groups from
1 to 4. The overall accuracy increase from 3 groups to 4
groups is 2.2%. This indicates that the modulations to shallower layers are indispensable since these shallow layers extract low-level features, which is more generalizable across
datasets. Moreover, only modulating the second layers
(half ) obtains approximate accuracy compared with modulation on all layers (4 groups). However, half has 4.04M
learnable parameters, only 52% of all 4 groups. This provides us a way to get a slim yet competitive model by applying modulation evenly on all candidate layers.

5.4. Visualization
We first visualize the selection gates of the domainspecific parameter set in Figure 3. Each training dataset
focus on one mode, showing the effectiveness of the hardgating mechanism. For the unseen test datasets, they try
to select the modes according to their relevance to training datasets. TrafficSigns, MSCOCO, CIFAR10, and CIFAR100 contain common images, showing high relevance
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Table 4. Accuracy with various number of modulation layer
groups. half denotes that we only modulate the second covolutional layer in each of the basic blocks across all layer groups.
Datasets
ImageNet
Omniglot
Aircraft
Birds
Textures
QuickDraw
Fungi
VGGFlower
TrafficSigns
MSCOCO
MNIST
CIFAR10
CIFAR100
In-Domain Avg
Out-of-Domain Avg
Overall Avg
Learnable Parameters

ImageNet 1.00 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Omniglot 0.0 1.00 0.0 0.0 0.0 0.0 0.0 0.0

Number of Modulation Layer Groups

1
54.2
83.2
74.0
65.4
70.5
70.5
42.2
88.6
72.1
50.2
91.7
69.3
56.1
68.6
67.9
68.3
4.81M

2
57.4
88.8
80.7
71.7
68.3
75.3
45.6
89.6
73.2
49.3
94.4
71.1
57.5
72.2
69.1
71.0
6.66M

3
57.5
91.1
82.7
73.8
68.0
76.5
47.0
89.4
71.8
49.9
94.2
72.2
58.4
73.3
69.3
71.7
7.49M

half
57.7
91.3
82.2
75.0
69.9
77.2
48.5
90.0
75.0
52.5
94.4
75.3
61.5
74.0
71.7
73.1
4.04M

4
58.6
92.0
82.8
75.3
71.2
77.3
48.5
90.5
78.0
52.8
96.2
75.4
62.0
74.5
72.9
73.9
7.78M

to ImageNet. MNIST contains black-white digit images,
showing high relevance to Omniglot. In addition, TrafficSigns and MNIST show relevance to QuickDraw as they all
contain simple shapes. Overall, the domain-specific information can be successfully learned with the selection mechanism.
The query scores of the domain-cooperative parameter
set are shown in Figure 4. The scores visualization is quite
different from the gates visualization. ImageNet attends to
all modes with relatively even values, because the backbone is pre-trained on ImageNet. Datasets (CIFAR10, CIFAR100, and MSCOCO) that contain common images and
are visually similar to ImageNet ensemble the scores of ImageNet. To the contrary, datasets (Omniglot, QuickDraw,
and MNIST) that share less overlaps with ImageNet show
a unimodal high value on mode 3. Some others (Aircraft,
VGGFlower) are fine-grained datsets, they show trimodal
scores. Other implicit correlations are also learned with different mode combinations. Overall, the domain-cooperative
information can be automatically learned and obtained with
the cooperative query mechanism.

6. Conclusion
In this paper, we deal with the multi-domain few-shot
classification problem. It differs from single-domain fewshot classification in two aspects: 1) it contains multiple diverse datasets for training and extra unseen domains for test;
2) potential correlations exist across multiple domains. We
propose a single-network multi-mode modulator to apply
layer-wisely to generate multi-domain representation. In
the modulator, we further introduce the domain-specific and
domain-cooperative parameter sets that work complementarily to extract the intra-domain and inter-domain information to model domain correlations. The state-of-the-art per-

Aircraft 0.0 0.0 1.00 0.0 0.0 0.0 0.0 0.0
Birds 0.06 0.0 0.0 0.94 0.0 0.0 0.0 0.0
Textures 0.0 0.0 0.0 0.0 0.99 0.0 0.0 0.0
QuickDraw 0.0 0.0 0.0 0.0 0.0 1.00 0.0 0.0
Fungi 0.0 0.0 0.0 0.0 0.0 0.0 1.00 0.0
VGGFlower 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
TrafficSigns 0.84 0.0 0.0 0.0 0.0 0.10 0.03 0.03
MSCOCO 0.99 0.0 0.0 0.0 0.0 0.0 0.0 0.0
MNIST 0.0 0.86 0.0 0.0 0.0 0.14 0.0 0.0
CIFAR10 1.00 0.0 0.0 0.0 0.0 0.0 0.0 0.0
CIFAR100 1.00 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.8
0.6
0.4
0.2
0.0

Figure 3. Selection gates of the domain-specific parameter set.

mod mod mod mod mod mod mod mod
e1 e2 e3 e4 e5 e6 e7 e8
ImageNet 0.21 0.32 0.09 0.05 0.05 0.12 0.07 0.09
Omniglot 0.0 0.0 0.95 0.02 0.03 0.0 0.0 0.0
Aircraft 0.0 0.0 0.55 0.21 0.25 0.0 0.0 0.0
Birds 0.03 0.45 0.27 0.10 0.11 0.02 0.01 0.0

0.8

Textures 0.02 0.51 0.12 0.12 0.12 0.03 0.05 0.03
QuickDraw 0.0 0.0 0.84 0.07 0.09 0.0 0.0 0.0
Fungi 0.09 0.41 0.16 0.11 0.11 0.04 0.04 0.03

0.6

VGGFlower 0.0 0.0 0.45 0.24 0.27 0.0 0.02 0.0
TrafficSigns 0.05 0.02 0.44 0.17 0.19 0.04 0.05 0.04
MSCOCO 0.18 0.35 0.09 0.06 0.06 0.11 0.07 0.09

0.4

MNIST 0.0 0.0 0.93 0.03 0.04 0.0 0.0 0.0
CIFAR10 0.09 0.07 0.30 0.16 0.17 0.07 0.08 0.07
CIFAR100 0.17 0.18 0.15 0.09 0.09 0.12 0.09 0.11

0.2

0.0

Figure 4. Query scores of the domain-cooperative parameter set.

formance is achieved on the challenging META-DATASET,
especially for the unseen test domains.
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