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Abstract

Active Domain Adaptation (ADA) aims to maximally
boost model adaptation in a new target domain by actively
selecting a limited number of target data to annotate. This
setting neglects the more practical scenario where training
data are collected from multiple sources. This motivates us to
extend ADA from a single source domain to multiple source
domains, termed Multi-source Active Domain Adaptation
(MADA). Not surprisingly, we find that most traditional ADA
methods cannot work directly in such a setting, mainly due
to the excessive domain gap introduced by all the source do-
mains. Considering this, we propose a Detective framework
that comprehensively considers the domain shift between
multi-source domains and target domains to detect the infor-
mative target samples. Specifically, the Detective leverages
a dynamic Domain Adaptation (DA) model that learns how
to adapt the model’s parameters to fit the union of multi-
source domains. This enables an approximate single-source
domain modeling by the dynamic model. We then compre-
hensively measure both domain uncertainty and predictive
uncertainty in the target domain to detect informative target
samples using evidential deep learning, thereby mitigating
uncertainty miscalibration. Experiments demonstrate that
our solution outperforms existing methods by a consider-
able margin on three domain adaptation benchmarks. Our
project is available at https://github.com/wannature/MADA.

1. Introduction
Unsupervised Domain Adaptation (UDA) aims to transfer
knowledge learned from labeled data in the original domain
(source Ds) to the new domain (target Dt). Although UDA
is capable of alleviating the poor generalization of learned
deep neural networks when the data distribution significantly
deviates from the original domain [44, 49, 54], the unavail-
ability of target labels greatly hinders its performance. This
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presents a significant gap compared to its supervised coun-
terpart [7, 43]. An appealing way to address this issue is
by actively collecting informative target samples within an
acceptable budget, thereby maximally benefiting the adapta-
tion model. This promising adaptation paradigm integrates
the idea of active learning [37] into traditional UDA, known
as Active Domain Adaptation (ADA) [32].

While the existing ADA framework [9, 10, 31, 32, 38]
presumes that all labeled training data share the same dis-
tribution from a single source domain Ds, it conceals the
practicality that data is typically collected from various do-
mains ({Ds,i}Mi=1, with M representing the number of do-
mains) in real-world scenarios [61]. This setting hinders
the model’s ability to learn from diverse domains, one of
the most precious capacity of human that adapting knowl-
edge acquired from varied environments to unseen fields.
With this consideration, we introduce a challenging and re-
alistic problem setting termed Multi-source Active Domain
Adaptation (MADA). As captured in Figure 1(a), MADA
posits the availability of several labeled source domains,
capable of annotating a small portion of valuable target sam-
ples for maximally benefiting the adaptation process. The
proposed MADA, while straightforward and promising, en-
counters multiple challenges when directly applying conven-
tional ADA techniques to MADA task: i) Multi-grained
Domain Shift. In ADA, acquiring target labels involves
gauging the domain shift between a single Ds and the target
domain Dt to identify informative target samples. How-
ever, the significantly variant data distributions of {Ds,i}Mi=1

also pose challenges for MADA, as it encompasses mul-
tiple source domains with disparate distributions, i.e., the
alignment among multiple source domains should be care-
fully addressed for a reliable MADA model. ii) Uncertainty
Miscalibration. The uncertainty-aware selection criteria in
current ADA methods typically rely on predictions from de-
terministic models, which are prone to miscalibration when
faced with data exhibiting distribution shifts [12]. Relying
solely on predictive uncertainty proves to be unreliable, as
standard DNNs often give misplaced overconfidence in their
predictions on target data (Figure 1(c)), potentially impair-
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Figure 1. (a) illustrates an overview of the proposed MADA. (b) depicts a concise version of the dynamic adaptation and sample selection
strategy. (c) compares the entropy of general DNNs with the entropy of our model, where both models are trained using source data.

ing MADA’s performance. In summary, these shortcomings
necessitate a thorough reevaluation of both MADA and its
corresponding solutions.

To alleviate the aforementioned limitations, we propose a
Dynamic integrated uncertainty valuation framework, abbre-
viated as Detective. Detective comprises the following com-
ponents: The first module, termed the Universal Dynamic
Network (UDN), utilizes a Hypernetwork [13] to derive a
domain-agnostic model spanning {Ds,i}Mi=1. As illustrated
in Figure 1(b), the key insight is to fit the model towards the
union space of {Ds,i}Mi=1 by adapting its parameters. Con-
sequently, the model is divided into static layers (backbone)
and dynamic layers (classifier). The static layers maintain
fixed parameters, whereas the dynamic layers’ parameters
(classifier) are dynamically generated depending on multiple
source samples. Employing this adaptable domain-agnostic
model allows us to treat {Ds,i}Mi=1 as one-source domain.
This significantly simplifies the alignment process between
{Ds,i}Mi=1 and Dt, as it is no longer necessary to pull all
source samples together with the target samples. Next, we
develop the integrated uncertainty selector (IUS) derived
from Evidential Deep Learning (EDL) [35] to effectively
measure the domain’s characteristic to the target domain. In
EDL, categorical predictions are construed as distributions,
with a Dirichlet prior [36] applied to class probabilities,
transforming the prediction from a point estimator to a prob-
abilistic one. We regard the EDL’s prediction as the domain
uncertainty as it enables the detection of unfamiliar data in-
stances [28] illustrated in Figure 1(c), i.e., the miscalibration
of deterministic’s prediction can be mitigated by considering
the spectrum of possible outcomes. By amalgamating the
predictive uncertainty from a standard DNN, we integrate
both domain and predictive uncertainties to select samples
that are informative for the target domain. Moreover, we

design a contextual diversity calculator (CDC) that evaluates
the diversity of chosen target samples at the image-level,
guaranteeing the information diversity of selected samples.

To summarize, our contributions are fourfold: (1) We
have designed a practical yet challenging task, Multi-source
Active Domain Adaptation (MADA). (2) We propose a uni-
versal dynamic network capable of adaptively mapping sam-
ples from multi-source domains to the adaptation model’s
parameters. (3) We introduce a novel integrated uncertainty
calculation strategy to tackle the MADA challenge. This
strategy thoroughly assesses both domain and predictive
uncertainties to select informative samples and is comple-
mented by a contextual diversity calculator to enrich the
information diversity of the selected data. (4) Experimental
studies demonstrate that our method significantly improves
upon the prevalent ADA methodologies for MADA.

2. Related Work

Active&Multi Domain Adaptation. To improve the gener-
alization of the model, domain adaptation is receiving more
and more attention from researchers [8, 23, 25, 31, 41]. Ac-
tive Domain Adaptation (ADA) adapts a source model to
an unlabeled target domain by using an oracle to obtain
the labels of selected target instances. ALDA [32] samples
instances based on model uncertainty and learned domain
separators and applies them to text data sentiment classi-
fication. [38] and [10] introduce ADA into adversarial
learning and identify domains through the resulting domain
discriminators. However, they may give the same high score
for most of the target data, so it is not sufficient to ensure
that the selected samples represent the entire target distri-
bution. [9, 31] improves this weakness by selecting active
samples by clustering, but they still focus on the measure-
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ment of prediction uncertainty like existing ADA methods,
which leads to sometimes being misunderstood on the tar-
get data. Multi-source domain adaptation(MSDA) aims to
learn domain-invariant features across all domains, or lever-
age auxiliary classifiers trained with multi-source domain to
ensemble a robust classifier for the target domain [39, 40].
[17] presents a framework to search for the best initial con-
ditions for MSDA via meta-learning. [24] propose dynamic
transfer which adapts the model’s parameters for each sam-
ple to simplify the alignment between source domains and
target domain and address domain conflicts. MDDA [62]
considers the distances on not only the domain level but also
the sample level, it selects source samples which is similar to
the target to finetune the source-specific classifiers. In addi-
tion, multi-type data domain adaptation and fusion have also
been greatly developed [18, 19, 56, 57]. Despite promising,
the aforementioned methods can not directly transfer to the
MADA, due to they fail to measure the multi-source domain
to select valuable target samples with multi-grained domain
shift.

HyperNetwork. HyperNetwork [14] originally aimed to
achieve model compression by reducing the number of pa-
rameters a model needs to train. It then develops into a
neural network that generates parameters for another neu-
ral network. Due to its fast and powerful advantages in
generalization, research on HyperNetwork has gradually in-
creased. In terms of the theory, [5] studies the parameter
initialization of HyperNetwork. In terms of application, Hy-
perNetwork research is widely used in various tasks, such as
few-shot learning [4], continual learning [48], graph learn-
ing [55], recommendation system [53], device-cloud collab-
oration [26, 27], large models [42, 60], etc. To the best of
our knowledge, we are the first to leverage HyperNetwork to
the adaptation problem with unique challenges arising from
the problem setup.

Evidential Deep Learning (EDL). Although deep learning
models have made surprising progress [20–22, 58, 59], how
to effectively evaluate the uncertainty of model predictions is
still worth pondering. [35] first proposed to estimate reliable
classification uncertainty via EDL. It places Dirichlet priors
on class probabilities to interpret classification predictions
as distributions and achieves significant advantages in out-
of-distribution queries. As the potential of EDL is gradually
being explored, [1] introduces the evidential theory to regres-
sion tasks by placing evidential priors during training such
that the model is regularized when its predicted evidence
is not aligned with the correct output. [2] propose a novel
model calibration method to regularize the EDL training to
estimate uncertainty for open-set action recognition. [6] in-
troduces a class competition-free uncertainty score based on
EDL to find potential unknown samples in universal domain
adaptation. Differently, we introduce the EDL theory into
MADA that effectively measures the domain uncertainty to

boost the adaptation.

3. Methodology
3.1. Problem Formulation

Formally, we have access to M fully labeled source do-
mains and a target domain with actively labeled target data
within a pre-defined budget B in MSDA. The i-th source
domain Ds,i = {(x(j)

s,i , y
(j)
s,i )}

Ns,i

j=1 contains Ns,i labeled
data sampled from the source distribution Ps,i(x, y), where
i ∈ M . The target domain Dt contains unlabeled sam-
ples {x(j)

tu }Ntu
j=1 from the target distribution Pt(x, y). Fol-

lowing the standard ADA setting [50], the size of budget B
set to Ntl, the labeled target domain Dtl={x(j)

tl }Ntl
j=1, where

Ntl ≪ Ntu and Ntl ≪ Ns,i. Ps,i(x, y) ̸= Pt(x, y) and
Ps,i(x, y) ̸= Ps,j(x, y) where i ̸= j. The multiple source
domains and target domain have the same label space Y =
{1, 2, · · · ,K} with K categories. We aim to learn an model
M(·) adapting from {Ds,i}Mi=1 to Dt, i.e., the model can
generalize well on unseen samples from Dt. In general,
M(·) consists of two functions as below:

M(·; (Θm,Θa))︸ ︷︷ ︸
MADA Model

: Mm(({Ds,i}Mi=1,Dtl); Θm)︸ ︷︷ ︸
Multi−domain Adaptation Model

↔ Ma((Dtl|Dt); Θa)︸ ︷︷ ︸
Active Learning Model

,
(1)

where Mm(·; Θm) is the multi-domain learning model and
Ma(·; Θa) is the annotation candidate selection through
active learning model with parameters Θm and Θa.

3.2. Universal Dynamic Network

The Universal Dynamic Network (UDN) (Figure 2(a)) can
generate the dynamic parameters for the adaptive classifier
conditioned on input samples from different domains, which
elegantly regard the multi-domains as one single domain.
We train a primary model with a backbone and a classifier
for developing the global adaptation model. Given the M

source domain samples {{(x(j)
s,i , y

(j)
s,i )}

Ns,i

j=1 }Mi , the proposed
UDN can be described as below:

P (p|x(i)) = Ψ(Ω(x
(j)
s,i ; Θ

b
m); Θc

m) , (2)

where Ω(;Θb
m) is the backbone extracting features from

input samples and Ψ(;Θc
m) is the classifier. Θb

m and Θc
m are

the learnable parameters for the backbone and classifier.
Here, we treat the backbone as “static layers” and the

classifier as “dynamic layers” to achieve dynamic adaptation:
• Static Layers. The backbone with Θb

m learned from
multi-domain data can accurately map the image into
the feature space. We fixed the backbone as “static
layers” to generate a generalized representation for any
given sample concerning the multi-domain distribution.
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Figure 2. Overview of Detective. (a) Universal Dynamic Network (UDN) leveraging the Hypernetworks [13] that can generate the dynamic
parameters for the adaptive classifiers conditioned on the different domain samples. (b) and (c) are the Integrated Uncertainty Selector (IUS)
and Contextual Diversity Calculator (CDC) that respectively measure the uncertainty (first round selection) and diversity (second round
selection) of target samples. (d) visualizes the two active learning strategies.

• Dynamic Layers. Depending on the image features,
the dynamic layers learn adaptive classifier weights Θc

m.
It learns to adapt the parameters to fit the model to the
distribution formed by the union of source domains.

Retrospect of HyperNetwork. The core of dynamic layers
are based on the HyperNetwork [13], we will outline the
procedure for using a HyperNetwork to generate the parame-
ters for another neural network. Specifically, HyperNetwork
treats the parameters of the multi-layer perception (MLP) as
a matrix K(n) ∈ RNin×Nout , where Nin and Nout represent
the number of input and output neurons of the nth layer of
MLP, respectively. Nin and Nout portray the structure of the
MLP layers together. The generation process of K(n) can
be regarded as a matrix factorization as below:

K(n) = ξ(z(n); Θp),∀n = 1, · · · , Nl , (3)

where z(n) and ξ(·) are randomly initialized with parameters
Θp in training procedure. The gradients are backpropagated
to z(n) and ξ(·), which can help to update them. z(n) and
ξ(·) will be saved instead of K(n).
HyperNetwork-based Dynamic Layers. However, as
shown in Eq.(3), the original HyperNetwork only utilizes a
randomly initialized z(n) to generate the parameters, which
lacks the interaction between the parameter generation pro-
cess and the current input. To measure the dynamic layers for
different domains, we propose to model the parameters by
replacing the z(n) with representations of the current input
image. Specifically, given the feature Ω(x(i); Θb

m) extracted
from backbone of sample x

(j)
s,i , we first develop a layer-

specific encoder Eh(·) that encodes the Ω(x(i); Θb
m) as eh.

Then the HyperNetwork is used to convert the embedding
e(n) into parameters, i.e., we input e(n) into the following
two MLP layers to generate parameters of dynamic layers:

w(n) = (W1Eh(Ω(x(i); Θb
m)) +B1)W2 +B2, (4)

where the first and second MLP layers are respectively de-
fined by their weights, W1 and W2, along with bias terms
B1 and B2, encapsulating their unique characteristics.

By doing so, we present two dynamic layer learning strate-
gies, local parameters shift (LPS) and global parameters gen-
eration (GPG). The LPS adopts a two-stage training strategy,
i.e., we first pretrain the classifier Ψ(;Θc

m) together with
static layers, K̂(n) denote the parameters for n-th layer. The
matrices K̂(n) can be seen as a basis for classifier weight
space, although they are not necessarily linearly independent.
Then we finetune the classifier with local parameters shift,
which can be seen as the projections of the residual matrix
in the corresponding weight subspaces. For GPG, the param-
eters are directly generated by the sample-aware learning
manner, together with the static layers that are conditioned
on the multi-source domain data.

K(n)=

{
K̂(n) +w(n) + b(n), if Ψ(;Θc

m) pretrained
w(n) + b(n), otherwise

(5)

where ∀n = 1, · · · , Nl, K(n) denotes the nth layer parame-
ters of dynamic layers.
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In summary, the UDN Mm(·; Θm) learns to adapt the
parameters to fit the model to the distribution formed by the
union of source domains. The target domain is not required
to be aligned with any specific domains and there are no
rigid domain boundaries. The model parameters Θm can be
similar for examples from different domains and different
for examples from the same domain.

3.3. Integrated Uncertainty Selector

Evidential Deep Learning with DNN. The above learned
multi-domain adaptation model Mm(·; Θm) explicitly mod-
ifies the model’s weights according to the samples’ distri-
bution from different domains. However, this model has a
vague understanding of the target data distribution for out-
of-source domain. Therefore, we develop the Integrated
Uncertainty Selector to choose the informative samples to
facilitate target domain adaptation. Traditional active learn-
ing often adopts the prediction of class probability p vector
to measure the uncertainty as the criteria of sample selec-
tion. For active domain adaptation (ADA), such a manner
essentially gives a point estimate of p and can be easily mis-
calibrated on data with distribution shift [12]. Motivated by
Evidential Deep Learning (EDL) [35], unlike the traditional
active learning, we predict a high-order Dirichlet distribu-
tion Dir(p|α) which is a conjugate prior of the lower-order
categorical likelihood. Specifically, a Dirichlet distribution
is placed over p to represent the probability density of each
variable p. Given sample x(i), the probability density func-
tion of p is denoted as P (p|x(i)) = Dir(p|α(i)).

Dir(p|α(i)) =


Γ(

∑D
d=1 α

(i)
d )∏D

d=1 Γ(α
(i)
d )

∏D
d=1 p

α
(i)
d −1

d , if p ∈ ∆D

0 , otherwise
(6)

where α
(i)
d is the parameters of the Dirichlet distribution for

sample x(i), Γ(·) is the Gamma function and ∆D the D-
dimensional unit simplex, where ∆D={

∑D
d=1 pd = 1&0 ≤

pd ≤ 1}, α(i) = g(f(x(i),Θ)), and g(·) is a function (e.g.,
exponential function) to keep α(i) positive. In this way, the
prediction of each sample is interpreted as a distribution over
the probability simplex, rather than the simple predictive
uncertainty. And we can mitigate the uncertainty miscali-
bration by considering all possible predictions rather than
unilateral predictions.

After applying the EDL to a standard DNN with softmax
for the classification task, the predicted probability for class
k can be denoted as Eq. (6), by marginalizing over p. The
details of derivation in the supplementary material.

P̂ (y = k|x(i)) =

∫
P (y = k|p)P (p|x(i))dp

=
g(fk(x

(i)))∑K
c=1 g(fc(x

(i)))
= E[Dir(pk|α(i))] ,

(7)

where P̂ is the prediction. If g(·) adopts the exponential
function, then softmax-based DNNs can be regarded as pre-
dicting the expectation of Dirichlet distribution.
Domain & Predictive Uncertainty Integration. For the
evidential model supervised with multi-source data, if target
samples are obviously distinct from the source domain, e.g.,
the realistic v.s. clipart style, the evidence collected for these
target samples may be insufficient, because the model lacks
the knowledge about this kind of data. To solve this problem,
we use the uncertainty obtained from the lack of evidence,
i.e., domain uncertainty, to measure the target domain’s char-
acteristics. Specifically, the domain uncertainty (Figure 2(d))
Udom of sample x(i) is defined as:

Udom(x(i)) =

K∑
k=1

P̂ (y = k|x(i))(Φ(α
(i)
k + 1)−

Φ(

K∑
c=1

α(i)
c + 1))−

K∑
k=1

P̂ (y = k|x(i))logP̂ (y = k|x(i)),

(8)

where Φ is the digamma function. Here, we use mutual
information to measure the spread of Dirichlet distribution
on the simplex like [35]. Higher Udom(x(i)) indicates larger
domain uncertainty, i.e., the Dirichlet distribution is broadly
spread on the probability simplex.

We also utilize the predictive entropy to quantify predic-
tive uncertainty, which is denoted as the expected entropy of
all possible predictions. Specifically, given sample x(i), the
predictive uncertainty (Figure 2(d)) Upre(x

(i)) is:

Upre(x
(i)) = E[H[P (y|p)]] =

K∑
k=1

P (y = k|x(i))(Φ(

K∑
c=1

α(i)
c + 1)− Φ(αk(i) + 1)) .

(9)
With the domain uncertainty Udom and predictive uncer-

tainty Upre, we comprehensively consider the two uncer-
tainties to select the target domain samples. We use the
mix-up strategy (Figure 2(b)) to fuse the Udom and Upre:
Uint(x

(i)) = λdom · Udom(x(i)) + λpre · Upre(x
(i)) , where

coefficients λdom and λpre are pre-defined hyperparameters.
The bigger value of λdom means the higher influence of
domain uncertainty and vice versa.

3.4. Contextual Diversity Calculator

The selected target samples based on the aforementioned
integrated uncertainty Uint may have similar semantics in
the implicit feature space. We argue that when considering
the potential similarity of selected samples in the learned
feature space, not all selected samples contribute highly to
the performance of MADA but instead increase the labeling
cost and computational expense. To enhance the diversity
of sample selection, we measure the contextual diversity
(Figure 2(c)) based on feature space coverage. Specifically,
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Table 1. Accuracy(%) comparison on Office-Home using
Resnet50 as backbone. Acronym of each model can be found in

Section 4.1. We color each row as the best , second best , and

third best . ∪ represents the rest of the domains.

DA Setting Methods Office-Home Dataset

∪ → A ∪ → P ∪ → C ∪ → R Mean

MSDA

MFSAN [65] 72.1 80.3 62.0 81.8 74.1
MDDA [62] 66.7 79.5 62.3 79.6 71.0
SImpAI [46] 70.8 80.2 56.3 81.5 72.2

MADAN [63] 66.8 78.2 54.9 81.5 70.4

ADA

CLUE [31] 75.61 86.48 67.84 84.07 78.50
TQS [10] 78.29 86.62 68.74 86.07 79.93
DUC [51] 81.21 89.46 71.63 88.18 82.62

EADA [50] 81.74 89.15 71.75 89.18 83.03

MADA Detective (Ours) 86.03 91.78 86.91 95.22 89.99

we calculate the image-level density of selected samples
St = {x(i)

tu }Jj=1, the j-th feature extracted by the backbone.
Finally, we remove N̂tl - Ntl images with the largest image-
level density value to reach the desired labeling budget Ntl.
Note that Ntl is the actual labeling budget and N̂tl is a
hyperparameter. Obviously, the N̂tl should be gradually
increased during training, N̂tl can be computed as:

N̂tl = Ntl + λu|Dtu|tτ (10)

where λu is a hyperparameter. tτ denotes its temperature.
By modulating tτ , we can control the uncertainty-diversity
tradeoff to further boost MADA performance.

3.5. Detective Training

To get reliable and consistent opinions for labeled data, the
evidential model is trained to generate sharp Dirichlet distri-
bution located at the corner of these labeled data. Concretely,
we train the model by minimizing the negative logarithm
of the marginal likelihood (Lmar) which is minimized to
ensure the correctness of prediction.

Lmar =
∑

x(i)∈[{Ds,i}M
i=1,Dt]

β
(i)
k (log(

k∑
k=1

α
(i)
k )− logα

(i)
k ) ,

(11)
where [,] is the concatenation of two sets. β

(i)
k is the k-th

element of the one-hot label vector of sample x(i).
We also minimize the KL-divergence between two Dirich-

let distributions (Lkl) of source domains and target domain.

Lkl =
∑

x(i)∈[{Ds,i}M
i=1,Dt]

KL[Dir(p| ˆα(i))|Dir(p|1)] (12)

where ˆα(i) = β
(i)
k + (1− β

(i)
k ) · α(i). ˆα(i) can be seen as re-

moving the evidence of ground-truth class. Minimizing Lkl

will force the evidences of other classes to reduce, avoiding
the collection of mis-leading evidences.

Table 2. Ablation study of the effect of individual module.

Methods Office-Home Dataset

∪ → A ∪ → p ∪ → c ∪ → R Mean
-UDN 82.82 89.77 72.97 89.88 83.86
-IUS 81.71 87.41 84.19 91.81 86.28
-CDC 85.12 90.63 85.34 94.10 88.80

Detective (Ours) 86.03 91.78 86.91 95.22 89.99

Table 3. LPS vs. GPG on Office-Home dataset.

Methods Office-Home Dataset

∪ → A ∪ → p ∪ → c ∪ → R Mean
LPS 85.60 90.13 85.91 93.78 88.86
GPG 86.03 91.78 86.91 95.22 89.99

+0.86
+0.64

+1.23
+0.91

-1.22

-2.20
-1.74 -1.72

(a) Performance on Source Domain 
after Adaptation.

(b) MSDA performance of Static and 
Dynamic Models.

69.14

79.41

60.96

78.15
82.00

88.76

73.54

87.45

Figure 3. Performance of static and dynamic models.

To sum up, the Detective is learned with a combination of
two losses: Lsum = λmar · Lmar + λkl · Lkl , where λmar

and λkl are hyperparameters.

4. Experiments
4.1. Dataset and Setting

Benchmark Datasets. Office-Home [47] benchmark
contains 65 classes, with 12 adaptation scenarios constructed
from 4 domains (i.e., R: Real world, C: Clipart, A: Art, P:
Product). miniDomainNet is a subset of DomainNet [30]
and contains 140,006 96×96 images of 126 classes from four
domains: Clipart, Painting, Real, and Sketch (abbr. R, C,
P and S). Digits-five contains five-digit sub-datasets:
MNIST (mt) [16] , Synthetic (sy) [11], MNIST-M(mm) [11],
SVHN (sv) [29], and USPS (up) [11]. Each sub-dataset
contains images of numbers ranging from 0 to 9.
Implementation Details. We employ the ResNet [15] as
the backbone model on three datasets. We train Detective
with the SGD [3] optimizer in all experiments. Besides,
we use an identical set of hyperparameters (B=64, Mo=0.9,
Wd=0.00005, Lr=0.0004)1 across all datasets. Following
[50], the total labeling budget B is set as 5% of target sam-
ples, which is divided into 5 selection steps, i.e., the labeling
budget in each round is b = B/5.

1B, Mo, Wd and Lr refer to batch size, momentum, weight decay and
learning rate in SGD optimizer.
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Comparison of Methods. For quantifying the efficacy
of the proposed framework, we compare Detective with
previous SoTA MSDA and ADA approaches. For MSDA
methods, wo choose MCD [33], DCTN [52], M3SDA [30],
MME [34], DEAL [64], MFSAN [65], MDDA [62], SIm-
pAI [46], MADAN [63] as baselines. The ADA methods
include CLUE [31], TQS [10], DUC [51] and EADA [50]2.

4.2. Overall Performance

Table 1 summarizes the quantitative MADA results of our
framework and baselines on Office-Home (The experi-
mental results of miniDomainNet and Digits-five
in the Appendix). We make the following observations: 1)
In general, irrespective of the different shot scenarios, com-
pared to SoTAs, Detective achieves the best performance
on almost all the adaptation scenarios. In particular, Detec-
tive outperforms other baselines in terms of mean accuracy
by a large margin (Office-Home: 6.96% ∼ 19.59%) for
the MADA task. 2) It is worth noting that almost all ADA
models generally outperform MSDA baselines by employ-
ing an appropriate annotation strategy, showing the neces-
sity of considering informative target supervision. The two
tables also suggest that the clustering-based ADA methods
(e.g., CLUE) seem to be less effective than uncertainty-based
methods (e.g., TQS, DUC, EADA) on the large-scale dataset.
This may be because clustering becomes more difficult with
multi-source domain modeling. 3) Benefiting from the care-
fully designed Integrated Uncertainty Selector (INS), our
Detective achieves better estimation of uncertainty by incor-
porating the distribution interpretation into prediction, while
other uncertainty-aware methods can easily be miscalibrated.
Further, combined with dynamic multi-domain modeling
and contextual diversity enhancement, we obtain the best
MADA performance. Overall, these results strongly demon-
strate the effectiveness of our proposed Detective under the
practical multi-source active domain transfer setting.

4.3. Ablation Study

Effectiveness of Each Component. We conduct an ab-
lation study, as illustrated in Table 2, to demonstrate the
effectiveness of each component. Comparing Detective and
Detective(-UDN) (Row 1 vs. Row 4), the UDN contributes
a 6.13% improvement in mean accuracy. The results in Row
2 show that the IUS leads to a 3.71% increase in mean accu-
racy. Meanwhile, Row 3 indicates a noticeable performance
degradation of 1.19% without the CDC. In summary, each
module’s contribution to improvement is distinct. When
combining all components, our Detective framework ex-
hibits steady improvement over the baselines.
Integration Coefficient λdom and λpre. We investigate the
impact of integration coefficient λdomand λpre, which con-

2For ADA methods, we only compare with the approaches that have
open source code and run them on our MADA setting.

(a) Mean accuracy with different λ𝒅𝒐𝒎 (b) Mean accuracy with different λ𝒑𝒓𝒆

Δ4.23 Δ3.41

Figure 4. Ablation with respect to λdom and λpre.

(a) t-Sne Visualization of Static Model (b) t-Sne Visualization of Dynamic Model

Figure 5. t-SNE Visualization of multi-source embeddings.

trols the uncertainty integration ratio to select valuable sam-
ples. The mean accuracy of different coefficients of λdom

and λpre on Office-Home dataset is shown in Figure 4.
This figure suggests that the optimal choices of λdom and
λpre are approximately 7.5 and 0.5, respectively. This phe-
nomenon implies that domain uncertainty predominates in
uncertainty estimation, which demonstrates the importance
of Evidential Deep Learning (EDL) for sample selection in
the presence of domain discrepancies.
LPS vs. GPG. We evaluate two dynamic layer learning
approaches: local parameters shift (LPS) and global parame-
ters generation (GPG), as shown in Table 3. The results in
the table indicate that utilizing GPG yields superior MADA
outcomes. Our intuition behind this observation is that GPG
operates the dynamic parameters within a larger semantic
space compared to LPS, thereby benefiting the modeling of
complex multiple domains.

4.4. In-Depth Analysis

We further validate several vital issues of the three modules,
in proposed Detective by answering the following questions.
Q1: Can the UDN appropriately model the multi-domain
by a single model? To build the insight on the effective-
ness of the dynamic multi-domain learning in Detective, for
the ∪ → A on Office-Home dataset, we first evaluate
the performance of multi-source domain after adaptation in
Figure 3(a). A clear performance degradation (1.72% in
average) exists when using the static model, indicating the
static transfer essentially averages the domain conflicts and
thus the performance drops on each source domain. In con-
trast, our proposed dynamic model handles the domain shifts
well, i.e., adapting to the target domain further improves the
accuracy on the source domains. Figure 3(a) reports MSDA
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Figure 6. Case study with respect to Udom and Upre.

results without target supervision, which shows that our dy-
namic transfer obtains a superior adaptation result against
the static model, even comparable compared with ADA mod-
els. We also visualize the samples with one specific class
(“chair”) on the other source domains. This figure suggests
the UDN tends to group the samples with the same class
in one cluster, which validates our claim that adapting the
model across domains can be achieved by adapting the dy-
namic model to samples. However, the sample density using
the static model is relatively low, since forcing a static model
to leverage multi-domains may degrade the performance.
Q2: How does the IUS calibrate the uncertainty to se-
lect informative samples? The key insight of uncertainty
calibration is to use the EDL to measure the “targetness”,
i.e, domain uncertainty. We plot the distribution of Udom

in Figure.1 (in the Appendix), where the model is trained
on the multi-source domain. We see that the Udom of target
data is noticeably biased from multi-source domain. Such
results show that our Udom can play the role of domain dis-
criminator without introducing it. We also give an intuitive
case study in Figure 6: given a “monitor”, for the two im-
ages from the Real-World domain, the general prediction
entropy cannot distinguish them, whereas Udom and Upre

calculated based on the prediction distribution can reflect
what contributes more to their uncertainty and be utilized
to guarantee the informativeness of selected data. Addition-
ally, we study the effect of Udom and Upre in IUS, we train
the model with the individual uncertainty under MADA. As
shown in Table. 4, both the Udom and Upre play significant
roles in IUS. Notably, simply using Upre results in a higher
performance decay compared to only using Udom, which
implies a standard DNN can easily produce overconfident
but wrong predictions for target data, making the estimated
predictive uncertainty unreliable. On the contrary, reason-
ably integrating the Udom and Upre can calibrate uncertainty
to choose the target samples, thereby facilitating MADA.
Q3: How does the CDC further benefit the MADA?
Section 4.3 of the ablation study has initially shown
that the CDC can boost the MADA performance on
Office-Home dataset. To further analyze the source
of the CDC’s improvements, we visualize our method’s

Table 4. Two uncertainties in IUS.

Uncertainty Office-Home Dataset

Udom Upre ∪ → A ∪ → P ∪ → C ∪ → R Mean

� 83.81 88.36 84.43 91.13 86.93
� 85.39 90.63 86.05 93.77 88.96

� � 86.03 91.78 86.91 95.22 89.99

(a) Performance using different budget. (b) Performance with different selection 
rounds. 

Figure 7. Ablation study of different AL setting.

sample selection behavior using t-SNE [45] and report
the performance after the first round in Figure.2 (in the
Appendix). This visualization result suggests that our
Detective tends to select representative uncertain samples
with lower image-level density compared with Detective
(w/o CDC). These samples can propagate representative
label information to nearby samples, avoiding the curse
of scale by leveraging uncertainty to obtain preliminary
samples, thereby boosting MADA performance. We also
perform the hyperparameter analysis of λu and tτ in
the Appendix. The observations and analysis verify the
effectiveness of the CDC in improving the diversity of
sample selection and thus boosting MADA performance.

5. Conclusion

We propose a novel task, termed Multi-source Active Do-
main Adaptation (MADA), and have correspondingly devel-
oped Detective. This framework comprehensively considers
domain and predictive uncertainty, and context diversity to
select informative target samples, thereby boosting multi-
source domain adaptation. We hope that Detective can pro-
vide new insights into the domain adaptation community.
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