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Abstract

Universal domain adaptation (UniDA) transfers knowledge
from a labelled source domain to an unlabelled target do-
main under domain-shift and category-shift for annotation.
In reality, due to privacy protection or other limits, not only
source data but also pre-trained models on it may be unavail-
able when training on target data. In this paper, we go a step
further to explore the black-box universal domain adaptation
(B2-UniDA) problem. It requires tackling the labelling task
under shifts by only accessing the interface of pre-trained
source models. To this end, we introduce GSS which pro-
poses a novel sample selection criterion based on gradient
descent and Bayes’ Theorem to identify samples of potential
unknown classes. This criterion doesn’t require manually-set
thresholds depending on data used and is suitable for vari-
ous datasets. GSS builds an open-set classifier and enables
it to estimate probabilities of belonging to each class includ-
ing the unknown category and adjust estimates adaptively. To
overcome class imbalance, especially imbalance between the
unknown and known classes, we propose a balancing mecha-
nism by measuring training status and estimating DA type. In
addition to distilling knowledge from source model outputs,
we focus on mining the categorical structure of target domain
by self-training. Experiments on benchmarks show the state-
of-the-art performance of GSS compared to typical methods,
including source models or source data dependent methods.

1 Introduction
Unsupervised domain adaptation (UDA) (Ben-David et al.
2010) transfers knowledge from a labelled source domain
(Ds) to an unlabelled target domain (Dt) for annotation un-
der domain-shift (Wilson and Cook 2020). Let Ls and Lt be
label sets of Ds and Dt. UDA generally assumes Ls = Lt

(Ganin and Lempitsky 2015), which is also named closed-
set DA (CDA). This doesn’t consider category-shift between
domains. Therefore, partial DA (PDA) (Cao et al. 2018a,b;
Zhang et al. 2018b) assumes Lt ⊂ Ls, while the widely-
used open-set DA (ODA) (Saito et al. 2018) assumes Ls ⊂
Lt. Early version of ODA (Busto and Gall 2017) assumes
Lt ∩ Ls ̸= ∅ and both domains have private classes, which
is called open-partial DA (OPDA) now. In fact, the relation-
ship of Ls and Lt is usually unknown. Thus universal DA
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(UniDA) (You et al. 2019; Saito et al. 2020) only assumes
Lt ∩ Ls ̸= ∅ to tackle all kinds of category-shift.

Traditional UniDA methods train with both domain data.
Due to security concerns and other restrictions, source data
can be inaccessible when training. Moreover, training with
both domain data is computational heavy when datasets are
large-scale. It’s also inefficient to retrain all data once new
target data is obtained. Therefore, source-free universal do-
main adaptation (SF-UniDA) (Kundu et al. 2020; Liang et al.
2021) tackles the UniDA problem when only pre-trained
models on Ds are available. However, only utilizing source
models can still suffer from attacks such as model-inversion
attack (Zhang et al. 2020) and membership inference attack
(Hu et al. 2022) leading to information leakage. A more
practical setting is the black-box universal domain adapta-
tion (B2-UniDA) (Deng et al. 2021), where only the inter-
face of pre-trained models is available. Querying target data
through the interface returns test results of pre-trained mod-
els. B2-UniDA uses these results to label target data when
unknown domain-shift and category-shift exist.

Compared with traditional UniDA and SF-UniDA, B2-
UniDA is more practical and safer, but also more challeng-
ing. Firstly, test results of pre-trained models provide less
knowledge of Ds. Initialization of target models can’t use
source information. Secondly, limited source information in-
creases the difficulty of tackling shifts. Different from tradi-
tional UniDA methods (You et al. 2019; Fu et al. 2020; Chen
et al. 2022a,b,c), B2-UniDA methods can’t use cross-domain
samples to eliminate domain-shift and find common classes.

B2-UniDA also inherits challenges of UniDA. First, class
imbalance (Johnson and Khoshgoftaar 2019) may occur in
both domains. Due to domain-shift, conditions of class im-
balance are different between domains even for common
classes. Moreover, since all target-private classes are re-
garded as unknown when labelling, imbalance may exist be-
tween the unknown category and each known class or the
known category overall. Such imbalance may lead to model
collapse. Besides, negative transfer (Wang et al. 2019) may
occur especially when there’re many source-private classes.

Nowadays, UniDA has attracted much attention but B2-
UniDA is seldom studied (Deng et al. 2021). Current UniDA
works mainly detect unknown classes by comparing self-
defined statistics with given thresholds (You et al. 2019;
Saito et al. 2020; Fu et al. 2020; Yin et al. 2021). Perfor-
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mance of them highly depends on thresholds used, best val-
ues of which are unknown and rely on data. Applying them
to different datasets is inconvenient. Besides, performance
of adversarial methods (You et al. 2019; Fu et al. 2020; Yin
et al. 2021) greatly relies on hyperparameters and are easy
to collapse. Training them can be computational heavy.

To tackle challenges of B2-UniDA and avoid drawbacks
of current methods, we propose a Gradient-based Sample
Selection (GSS) criterion for B2-UniDA. This criterion is
derived from gradient descent and Bayes’ Theroem (Joyce
2021). It doesn’t need to select thresholds manually for dif-
ferent datasets to detect unknown classes. Such criterion en-
ables our open-set classifier to estimate the probability of
belonging to unknown classes. To tackle class imbalance es-
pecially imbalance between the unknown and known cate-
gories and learn each category fully, we propose a balanc-
ing mechanism where we estimate possible DA type and
measure the training status. Due to shifts, we use source
model outputs as reference and focus on learning target class
knowledge. On one hand, we mine the categorical struc-
ture of Dt by self-training. On the other hand, we conduct
self-supervised learning based on sample selection. Exten-
sive experiments show the superiority of GSS.

Our contributions can be summarized as follows:
• We propose a novel sample selection criterion to detect

unknown classes which is theoretically meaningful. It
doesn’t need to change thresholds with the training data
and can be applied directly.

• We devise a balancing mechanism to avoid imbalanced
categorical learning. It adjusts the relative attention the
model pays to the ’unknown’ and ’known’ categories ac-
cording to the training status and DA type estimated.

• We define an open-set classifier that can estimate prob-
abilities of belonging to each category including the un-
known category and adjust estimates during training. It
provides predictions directly when inference.

• Experiments on benchmarks under all DA settings show
the superiority of our GSS compared with current B2-
UniDA method UB2DA (Deng et al. 2021). GSS also ex-
hibits comparable, if not the best, performance to source
data or source models dependent UniDA methods.

2 Related Work
Universal Domain Adaptation. Early UniDA methods
adopt adversarial learning to learn domain-invariant features
of common classes (You et al. 2019; Fu et al. 2020; Yin et al.
2021). Performance of them relies on hyperparameters and
is unstable. When detecting unknown classes, UniDA meth-
ods mainly compare self-defined metrics with given thresh-
olds. Metrics including margin (Yin et al. 2021), entropy
(Saito et al. 2020), consistency (Yu, Hashimoto, and Ushiku
2021), uncertainty (Chen et al. 2022b), similarity score (You
et al. 2019) and combinations of multiple metrics (You et al.
2019; Fu et al. 2020; Cai et al. 2021). Best values of thresh-
olds are data-dependent and unknown. Some methods turn
to other ways. DCC (Li et al. 2021) learns target prototypes
for labelling. But determining the class number can be com-
putationally heavy. OVANet (Saito and Saenko 2021) uses

multiple binary classifiers to identify unknown samples in a
one-vs-all manner.

Source-free UniDA. Few works have studied SF-UniDA.
USFDA (Kundu et al. 2020) generates negative samples to
detect non-source classes in pre-training. It requires much
storage space and is computationally heavy. Simulated cat-
egories through image-composition are meaningless in real-
ity. UMAD (Liang et al. 2021) designs an informative con-
sistency score to identify unknown classes. But the band-
width to select highly-confident samples is set subjective.

Black-box UniDA. Deng et al. (Deng et al. 2021) pro-
pose UB2DA which relies on entropy to identify unknown
classes. It optimizes entropy for high-confident samples. The
threshold and band-width used are set empirically.

3 Methodology
3.1 Preliminary
Problem Formulation. Assume there is a labelled source
domain Ds with data Ds = {xs

i , y
s
i }Ns

i=1 and distribution
ps(x, y), and an unlabelled target domain Dt with data Dt =

{xt
i}

Nt
i=1 and distribution pt(x, y). Let X be the feature space,

Ys and Yt be the label space of Ds and Dt. fs : X → Ys is the
pre-trained model on Ds. Denote the label set of Ds and Dt

as Ls and Lt. Assuming ps(x, y) ̸= pt(x, y) and Ls ∩ Lt ̸= ∅,
B2-UniDA aims at learning f : X → Yt to minimize the
expected loss Ept(x,y)

[ℓ (f(x), y)] only with the access to Dt

and the interface of fs. Here ℓ(·, ·) is a loss function.

Framework of GSS. Assume there is a low-dimensional
space Z, where samples of the same class are closer than
those of different classes. Define a feature extractor G : X →
Z. Let Ls = {1, . . . ,K} be source classes or known classes.
The label K + 1 denotes target-private classes. We use an
open-set classifier C1 : Z → RK+1 to estimate probabilities
of belonging to each category including the unknown one.
Besides, a closed-set classifier C2 : Z → RK is used to esti-
mate probabilities assuming samples are in known classes.

Given a sample with feature x, z = G(x) is its la-
tent representation. For i = 1, 2, denote the dimension
and direct outputs of Ci as di and g(i)(x) = Ci(z). Let
h(i)(x) = exp(g(i)(x)). We have p(i)(x) ∈ Rdi , p

(i)
j (x) =

h
(i)
j (x)/

∑di
l=1 h

(i)
l (x). Note that d1 = K + 1 and d2 = K.

3.2 Pre-training
We use source labels to guide models to learn representa-
tions of source classes and category boundaries. The total
loss of pre-training is Ls = L(1)

crs (Ds) + L(2)
crs (Ds), where

L(l)
crs (Ds) = − 1

Ns

Ns∑
i=1

log p
(l)

ys
i
(xs

i ), l = 1, 2. (1)

3.3 Distillation of Knowledge on Source Domain
To obtain categorical knowledge of Ds, we can only use test
results of fs on Dt. Denote probabilities output by fs as
{ppre(l)(xt

i)}
Nt
i=1, l = 1, 2. Since fs only learns known classes,
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Figure 1: The structure of GSS training on the target domain

p
pre(1)
K+1 (x) is inaccurate. We use p̃pre(1)(x) to replace ppre(1)(x),

where p̃
pre(1)
j (x) = p

pre(1)
j (x)/(1− p

pre(1)
K+1 (x)), j = 1, . . . ,K.

To make test results more discriminative for better cluster-
ing on Dt, for j = 1, . . . ,K and l = 1, 2, we follow DEPICT
(Dizaji et al. 2017) to redefine them as

q
pre(l)
j (xt

i) =
p̃

pre(l)
j (xt

i)
/
(
∑

i p̃
pre(l)
j (xt

i))
1
2∑K

m=1[p̃
pre(l)
m (xt

i)
/
(
∑

i p̃
pre(l)
m (xt

i))
1
2 ]

. (2)

For simplicity, we denote p̃pre(2)(x) = ppre(2)(x) here.
Then we let current probabilities distill knowledge from

refined results. The loss is Ldis = L(1)
dis (Dt)+L(2)

dis (Dt), where

L(l)
dis (Dt) = − 1

Nt

Nt∑
i=1

K∑
j=1

q
pre(l)
j (xt

i) log p
(l)
j (xt

i), l = 1, 2. (3)

3.4 Gradient-Based Sample Selection Criterion
Gradient descent is a first-order iterative optimization algo-
rithm (Lemaréchal 2012). Assume the function L is differ-
entiable with respect to h. To solve minh L(h) by gradient
descent, let hj and rj > 0 be the value of h and learning rate
at j-th step, the j-th update of h is hj+1 = hj − rj

∂L
∂h

(hj).
If ∂L

∂h
(hj) < 0, h will be increased to let L decrease. Con-

versely, h will be decreased. Since gradient descent focuses
on the neighborhood of current point, we can take a simple
function L(h) = −h log(h)− (1− h) log(1− h) for example.
When L′(h) > 0, i.e. h < 0.5, the h shall be decreased, other-
wise be increased. Motivated by this, to enable C1 to adjust
estimates of probabilities belonging to unknown classes, we
should find L and h both related to p

(1)
K+1(x).

Given sample x, since
∑K+1

j=1 p
(1)
j (x) = 1, p

(1)
K+1(x) is

not a free variable when solving min
p
(1)
K+1

L(p(1)). Recall

that p(1)j (x) = h
(1)
j (x)/(

∑K+1
l=1 h

(1)
l (x)). It monotonically in-

creases with h
(1)
j (x). Besides, h(1)

j (x) = exp(g
(1)
j (x)), j =

1, . . . ,K + 1 are positive and independent with each other.
Therefore, we use h

(1)
K+1(x) as the variable h.

To find the objective L, recall that C1 estimates probabil-
ities of belonging to each category and C2 estimates proba-
bilities when assuming samples are in known classes. Then

p
(1)
j (x) = P (Y = j|X = x), j = 1, . . . ,K + 1. (4)

p
(2)
j (x) = P (Y = j|X = x, Y ≤ K), j = 1, . . . ,K. (5)

By Bayes’ Theorem (Joyce 2021), we can have

P (Y ̸= j|X = x) = 1− P (Y = j|X = x)

= P (Y = K + 1|X = x) + P (Y ≤ K,Y ̸= j|X = x)

=⇒ p
(1)
j (x) = (1− p

(1)
K+1(x))p

(2)
j (x), j = 1, . . . ,K. (6)

Let p
(1)
:K (x) = (p

(1)
1 (x), . . . , p

(1)
K (x)) and pmul(x) = (1 −

p
(1)
K+1(x))p

(2)(x). To ensure Equation(6) holds, we should
measure the discrepancy between p

(1)
:K (x) and pmul(x) and

minimize it. Such discrepancy is the L we are looking for.
Common measures of differences in probability distribu-

tions are cross-entropy (H(·, ·)) and KL divergence (Csiszar
1975) (DKL(·, ·)). By definition, DKL(p

(1)
:K (x), pmul(x)) =

−H(p
(1)
:K (x)) + H(p

(1)
:K (x), pmul(x)). H(p

(1)
:K (x)) may be

maximized to minimize DKL(p
(1)
:K (x), pmul(x)). However,

H(p
(1)
:K (x)) should be small if x is correctly predicted. There-

fore, minimizing H(p
(1)
:K (x), pmul(x)) is more suitable than

DKL. Due to the asymmetry of cross-entropy, we use the
symmetric cross-entropy. When p

(1)
K+1(x) < 1, it is

Hsym(p
(1)
:K (x), pmul(x))

= −
K∑

j=1

[
p
(1)
j (x) log pmul

j (x) + pmul
j (x) log p

(1)
j (x)

]
.

(7)

Since Hsym ≥ 0, Hsym → 0 as p
(1)
:K (x) and pmul(x) tend to

the same one-hot vector, and Hsym = 0 when p
(1)
K+1(x) = 1,

using Hsym as the objective L is suitable whether x is un-
known or not. For each x, let L = Hsym(p

(1)
:K (x), pmul(x)) and

h = h
(1)
K+1(x). When solving minh L(h) with gradient de-

scent, h will be increased if ∂L
∂h

< 0 and be decreased if
∂L
∂h

> 0. Select the term determining the sign of ∂L
∂h

, we get
the sample selection metric T for each sample x as

T (x) = −H(p
(1)
:K (x), p(2)(x)) + 2(1− p

(1)
K+1(x))

− (1− p
(1)
K+1(x))H(p(2)(x), p

(1)
:K (x))

+ (1− p
(1)
K+1(x)) log(1− p

(1)
K+1(x)).

(8)

If T (x) > 0, x is highly likely to be in known classes since
h
(1)
K+1(x) is guided to decrease. Conversely, x most likely be-

longs to unknown classes. Using dlsr and webcam in Office
(Saenko et al. 2010) as Ds and Dt, the distribution of T (x)
is bimodal after pre-training with regard to whether x is un-
known in Figure 2 when target-private classes exist.

(a) D2W in ODA (b) D2W in OPDA

Figure 2: Distribution of T (x) for dslr2webcam
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Self-training Based on Sample Selection. Divide Dt into
Dhigh = {x ∈ Dt|T (x) > 0} and Dlow = {x ∈ Dt|T (x) < 0}.
In the early stage of training, the knowledge distillation of
Ds is inefficient. The model tends to learn pseudo labels
from p̃pre(1) and ppre(2) first rather than specific probabilities.
At this time, discrepancy between p(1) and p(2) mainly arises
from different initialization of classifiers rather than differ-
ence between p̃pre(1) and ppre(2). When K is large, d1 and d2
are large. After summation along the dimension, large K can
lead to T (x) < 0. This enlarges the inaccurate discrepancy
between p(1)(x) and p(2)(x) during the initial training. Recall
that the relative relationship between elements of a probabil-
ity vector is easier to learn compared to specific values. To
reduce the impact of large K, we further use the consistency
between ŷ(i) = argmax p(i)(x), i = 1, 2. Let

Dt-kn = {x ∈ Dt|T (x) > 0, ŷ(1) = ŷ(2)},

Dt-un = {x ∈ Dt|T (x) < 0, ŷ(1) ̸= ŷ(2)}.
(9)

In fact, Dt-kn is almost the same as Dhigh. Although Dt-un ⊆
Dlow, they gradually become same during training.

To learn categorical knowledge of common classes in Dt,
we believe that samples in Dt-kn are most likely to belong to
known classes and utilize them. Let Nt-kn be the size of Dt-kn.
We define the loss Lt-kn = L(1)

pse (Dt-kn) + L(2)
pse (Dt-kn), where

L(l)
pse(Dt-kn) = − 1

Nt-kn

Nt-kn∑
i=1

log p
(l)

ŷ
(l)
i

(xt
i), l = 1, 2. (10)

Samples in Dt-un are considered highly likely to be in un-
known classes. Using them to detect unknown classes by

L(1)
p-un(Dt-un) = − 1

Nt-un

Nt-un∑
i=1

[1− (p
(1)
K+1(x

t
i))

3] log p
(1)
K+1(x

t
i).

(11)
Here 1 − (p

(1)
K+1(x

t
i))

3 is to let the model pay more attention
to samples difficult to identify. Nt-un is the size of Dt-un.

Since C2 doesn’t consider the unknown category, it can
just output uncertain probabilities for x ∈ Dt-un rather than
direct predictions. Entropy is the common measure of un-
certainty for probabilities output by the closed-set classifier
(Saito et al. 2020). Thus we maximize H(p(2)(x)) and the
degree is determined by p

(1)
K+1(x). Let

L(2)
pse (Dt-un) =

1

Nt-un

Nt-un∑
i=1

K∑
j=1

p
de(1)
K+1(x

t
i)p

(2)
j (xt

i) log p
(2)
j (xt

i).

(12)
p

de(1)
K+1 means the gradient of p(1)K+1 isn’t considered Here.

In the early stage of training, categorical learning is
inadequate. Dt-un may contain samples of known classes.
These need to be corrected. Besides, L(1)

p-un(Dt-un) has no con-
straints on probabilities of being in known classes. Recalling
Equation(6), we correct samples and estimate known class
probabilities for Dt-un by

L(1)
p-kn(Dt-un) = − 1

Nt-un

Nt-un∑
i=1

K∑
j=1

(
1− p

de(1)
K+1(x

t
i)
)

· p(2)j (xt
i) log p

(1)
j (xt

i),

(13)

Then the total self-training loss on Dt-un is
Lt-un = L(1)

p-kn(Dt-un) + L(1)
p-un(Dt-un) + L(2)

pse (Dt-un). (14)

3.5 Adaptative Probability Estimation
Previous section focuses on learning known and unknown
classes using samples most likely in them. However, Dt-kn
and Dt-un may have few samples in the early stage. We need
to utilize all samples and estimate probabilities for them.
Moreover, the ability of T to detect unknown samples needs
to be transferred to C1. Since T is derived from using gra-
dient descent to solve min

h
(1)
K+1

(x)
Hsym(p

(1)
:K (x), pmul(x)), we

include this in training to estimate probabilities adaptively
and ensure Equation(6) holds. We define the loss as

Lscrs = − 1

Nt

Nt∑
i=1

K∑
j=1

p
(1)
j (xt

i) log p
mul
j (xt

i)

− 1

Nt

Nt∑
i=1

K∑
j=1

pmul
j (xt

i) log p
(1)
j (xt

i).

(15)

3.6 Self-Supervised Clustering
To improve accuracy, samples should be well-clustered in Z,
i.e. distances between samples of the same class are smaller
than those of different classes. Ldis distills source knowledge
to cluster target samples. Due to domain-shift and category-
shift, it’s vital to mine the categorical structure of Dt.

Referring to UB2DA (Deng et al. 2021), we define Kclu
learnable prototypes Wt = {wt

1, . . . , w
t
Kclu

} as clustering
centers of Dt which are initialized by k-Means. Kclu is set
manually. We let each sample find its most similar center.
Calculate the cosine similarity between sample z = f(x)

and wt
j as sj(z) =

<z,wt
j>

||z||2·||wt
j
||2

. Then ptj(x) =
exp(sj(z))∑Kclu

j=1
exp(sj(z))

,

j = 1, . . . ,Kclu are clustering probabilities of x.
To make the clustering boundaries clear and avoid the

domination of large clusters in feature learning, we fol-
low similar strategies of DEC (Xie, Girshick, and Farhadi
2016) and DEPICT (Dizaji et al. 2017) to construct self-
supervised information. For each ptj(x), define qtj(x) =

ptj(x)/(
∑

l p
t
j(x

t
l ))

0.5∑Kclu
m=1

[ptm(x)/(
∑

l p
t
m(xt

l
))0.5]

. The clustering loss is

Lreg = − 1

Nt

Nt∑
i=1

Kclu∑
j=1

qtj(x
t
i) log p

t
j(x

t
i). (16)

3.7 Balancing Mechanism
Multi-category Equilibrium Based on Sample Division.
To avoid only predicting few categories, previous works
mainly let the mean of probabilities approach the uniform
vector (Liang et al. 2021; Ma, Gao, and Xu 2021). However,
since C1 includes the unknown category, the mean should be
calculated separately for unknown and known sample sets.

We first divide Dt into an unknown candidate set Dt-un,
and a non-candidate one Dc

t-un = Dt − Dt-un. Then we let
the average probability of Dc

t-un output by C1 to be close
to the uniform vector. The unknown category is considered
since there may be misclassified unknown samples. To bet-
ter describe the predicted label structure of Dc

t-un, we de-

fine q
kn(1)
j (x) =

p
(1)
j

(x)/(
∑

x∈Dc
t-un

p
(1)
j

(x))0.5∑K+1
l=1

[p
(1)
l

(x)/(
∑

x∈Dc
t-un

p
(1)
l

(x))0.5]
, q̄kn(1)

j =
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1
Nc

t-un

∑
x∈Dc

t-un
q

kn(1)
j (x). KL divergence is used as

L(1)
avr (D

c
t-un) =

K+1∑
j=1

q̄
kn(1)
j log q̄

kn(1)
j + log(K + 1). (17)

Since p
(1)
K+1(x) ≥ maxj ̸=K p

(1)
j (x) always holds for x ∈ Dt-un,

applying Equation(17) to Dt-un directly is improper. How-
ever, when not considering unknown classes, probabilities
predicted are uncertain and the average probability is close
to the uniform vector. Consider p̃

(1)
j (xt

i) = p
(1)
j (xt

i)/(1 −

p
(1)
K+1(x

t
i)). Let qun(1)

j (x) =
p̃
(1)
j

(x)/(
∑

x∈Dt-un
p̃
(1)
j

(x))0.5∑K
l=1

[p̃
(1)
l

(x)/(
∑

x∈Dt-un
p̃
(1)
l

(x))0.5]

and q̄
un(1)
j = 1

Nt-un

∑
x∈Dt-un

q
un(1)
j (x). Use the KL divergence

as

L(1)
avr (Dt-un) =

K∑
j=1

q̄
un(1)
j log q̄

un(1)
j + log(K). (18)

When the class number is larger than the batch size,
each category in the batch may contain inadequate sam-
ples for learning. It may also take many iterations to learn
the same category again, leading to model forgetting. Let
ωdyn =

max(K,Kest)
bt

, where Kest is the estimated target class
number and defined below. Such condition can be described
as ωdyn > 1, in which the model needs to pay attention to
all categories and the degree is determined by K

bt
. When

ωdyn < 1, balancing from the point of Dc
t-un and Dt-un

is enough. Let q
(1)
j (x) =

p
(1)
j

(x)/(
∑

x∈Bt
p
(1)
j

(x))0.5∑K+1
l=1

[p
(1)
l

(x)/(
∑

x∈Bt
p
(1)
l

(x))0.5]
,

q̄
(1)
j = 1

bt

∑
x∈Bt

q
(1)
j (x). and 1{·} be the indicator function.

Using KL divergence, the overall balance loss is

L(1)
full(Bt) = 1{ωdyn>1}

K

bt

[
K+1∑
j=1

q̄
(1)
j log q̄

(1)
j + log(K + 1)

]
.

(19)
In summary, we balance the categorical learning from the
view of C1 with L(1)

avr = L(1)
avr (D

c
t-un) + L(1)

avr (Dt-un) + L(1)
full(Bt).

Since C2 doesn’t include the unknown category, we let the
average probability output by C2 to approach the uniform

vector. Define q
(2)
j (x) =

p
(2)
j

(x)/(
∑

x∈Bt
p
(2)
j

(x))0.5∑K
l=1

[p
(2)
l

(x)/(
∑

x∈Bt
p
(2)
l

(x))0.5]
and

q̄
(2)
j = 1

bt

∑
x∈Bt

q
(2)
j (x), j = 1, . . . ,K. Still using KL diver-

gence, the balance loss viewed from C2 is

L(2)
avr =

K∑
j=1

q̄
(2)
j log q̄

(2)
j + log(K). (20)

The loss of multi-category equilibrium is Lavr = L(1)
avr +L(2)

avr .

Equilibrium Coefficient. Lavr pays equal attention to the
unknown category and each known class. But the existence
of domain-private classes affects its necessity. Therefore, we
measure the relative size of target and source classes.

To estimate the target class number Kt, we identify tar-
get prototypes that correspond one-to-one with their pseudo
labels by clustering entropy. For wt

i , the clustering en-
tropy is H(pt(wt

i)) = −
∑Kclu

j=1 ptj(w
t
i) log p

t
j(w

t
i). Compare

it with threshold e0 > 0. We estimate Kt as Kest =
|{wt

i |H
(
pt(wt

i)
)
≤ e0}|. Kest may be small at the beginning

and converges to a constant as the clustering stabilizes.
Let γt =

Kest
K

. If γt > 1, the larger γt − 1 is, the more
likely there are unknown classes and known classes need
more attention. If γt < 1, the smaller γt is, the more likely
there are source-private classes which need less attention.

Since the model tends to learn large-scale or easily distin-
guished classes first, it should focus on each class equally
in the early stage rather than considering γt. Note that if
ωdyn > 1, samples to learn each category in the batch are
inadequate and forgetting may occur. The larger ωdyn is, the
more attention should be paid to equal balance. Therefore,
we use ethr = ωdyn · epochtotal as the threshold of epoch. The
weight of Lavr at the e-th epoch is defined as

ωavr =

{
1 if e ≤ ethr,

(γt − 1)1{γt>1} + γt1{γt≤1} if e > ethr.
(21)

Binary Equilibrium. In Lt-kn and Lt-un, we learn categori-
cal knowledge from Dt-kn and Dt-un. Denote sample sizes of
them as Nt-kn and Nt-un. If Nt-kn > Nt-un, the ability of detect-
ing unknown classes may be weakened. If Nt-kn < Nt-un, the
model may not learn each known category well. Besides,
Dhigh and Dlow affect the unknown detection through Lscrs.
Denote Nhigh and Nlow as their sample sizes. Let

γtrain =

{
Nt-kn
Nt-un

if Nt-un > 0,

1 if Nt-un = 0.
γthr =

{Nhigh
Nlow

if Nlow > 0,

1 if Nlow = 0.

(22)
γtrain·γthr represents the ratio of the number of samples will be
labelled known to that of those will be annotated unknown.
It’s a measure of current training status through sample se-
lection. However, γtrain · γthr = 1 isn’t the ideal status for
all datasets or DA types. Thus we estimate the initial binary
relationship and use it as a reference for training status. Cal-
culate {T pre(xt

i)}
Nt
i=1 to obtain D

pre
high = {x ∈ Dt|T pre(x) > 0}

and D
pre
low = {x ∈ Dt|T pre(x) < 0} with sizes as N

pre
high and

N
pre
low. Let γ

pre
thr =


N

pre
high

N
pre
low

if N pre
low > 0,

1 if N pre
low = 0.

Due to shifts, γ
pre
thr

needs adjustments to be used as a reference. Let

γ̃
pre
thr =

{
(γ

pre
thr )

γ
pre
thr if γ

pre
thr ≤ log(K),

(γ
pre
thr )

log(K) if γ
pre
thr > log(K).

(23)

Such adjustment makes sense when γ
pre
thr is large or small.

When K is large, Ns tends to be large, leading to large
γ

pre
thr . (γpre

thr )
γ

pre
thr can be too large to detect potential unknown

classes. If γpre
thr is small, exponentization amplifies its impact.

If γtrain·γthr
γ̃

pre
thr

> 1, more samples will be viewed as known

and more emphasis should be put on unknown detection.
Contrarily, the model should pay attention to known classes.

Combining the estimate of DA type through γt, we de-
fine ωun = γt ·

γtrain·γthr
γ̃

pre
thr

. The relative attention required for

unknown classes to known classes grows with ωun. Thus we
use ω̃un = ωun

ωun+1
and 1− ω̃un as weights of Lt-un and Lt-kn.
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3.8 Total Loss of Training on the Target Domain
Source information is necessary for annotation but reliance
on it should be gradually reduced due to shifts. Besides,
binary balance ought to be kept during training. Thus we
define α = max(1 − e

epochtotal
, 0), ωα = (α)ωun and ωkn

α =

(1− α)ωun at the e−th epoch. The total loss on Dt is

Lt = Lreg + ωavrLavr + ωαLdis + ωkn
α (1− ω̃un)Lt-kn

+ (1− ωα) (ω̃unLt-un + Lscrs) .
(24)

3.9 Inference
The prediction of x is ŷ = argmaxj=1,...,K+1 p

(1)
j (x). If ŷ =

K + 1, then x is predicted to be in unknown classes.

4 Experiments
4.1 Setup
Datasets. We use four benchmark datasets in DA: Office
(Saenko et al. 2010), OfficeHome (OH) (Venkateswara et al.
2017), VisDA (Peng et al. 2017) and DomainNet (Peng et al.
2019). We follow existing methods (Saito and Saenko 2021;
Deng et al. 2021) to split datasets and the split |Ls−Lt|/|Ls∩
Lt|/|Lt − Ls| is showed in each table.

Evaluation Metric. For CDA and PDA, we evaluate the
mean of known class accuracy. For ODA and OPDA, we use
H-score (Fu et al. 2020) to evaluate the trade-off between
the accuracy of known and unknown classes. Let acccom be
the mean of known class accuracy and accun be the unknown
accuracy. H-score can be written as 2acccom·accun

acccom+accun
.

Implementation. We use ResNet50 (He et al. 2016) pre-
trained on ImageNet (Deng et al. 2009) as the backbone net-
work. For Office, OfficeHome, VisDA and DomainNet, we
set Kclu = 35, 70, 20 and 300 respectively under all DA set-
tings. Besides, we let e0 = 0.1 in all experiments.

Baselines. We reproduce results of experiments where
codes and default parameters can be obtained. For B2-
UniDA method, we reproduce UB2DA (Deng et al. 2021).
For SF-UniDA methods, we choose USFDA (Kundu et al.
2020) and UMAD (Liang et al. 2021). But USFDA is com-
putationally heavy due to simulation. Codes of UMAD are
inaccessable. We report raw results of them. We also re-
produce typical UniDA methods including UAN (You et al.
2019), CMU (Fu et al. 2020), DANCE (Saito et al. 2020),
DCC (Li et al. 2021) and OVANet (Saito and Saenko 2021).
UAN and CMU highly rely on hyperparameters. Results us-
ing default parameters are not ideal. We use results after tun-
ing parameters which are slightly better. Labelling samples
in D

pre
low as unknown and others with ŷ(1), we obtain predic-

tions after pre-training denoted as source-only (SO).

4.2 Results
OPDA. Table 1 and Table 2 show that performance of GSS
is significantly improved by training compared to SO. GSS
outperforms UB2DA in all experiments. The average im-
provements of experiments on Office, OfficeHome, VisDA
and DomainNet are 2.6%, 11.2%, 70.9% and 8.6% respec-
tively. GSS even surpasses SF-UniDA and UniDA methods

in all experiments on OfficeHome. Moreover, GSS performs
comparatively with best results of SF-UniDA and UniDA
methods on Office and DomainNet.

Type Method
Office (10/10/11)

VisDA
(6/3/3)A2W D2W W2D A2D D2A W2A Avg

Uni

UAN 38.8 67.3 61.5 33.1 70.4 56.4 54.6 13.7
CMU 83.6 51.8 54.7 50.4 73.7 64.6 63.1 25.5

DANCE 70.8 91.4 89.6 77.9 79.0 71.7 80.1 4.0
DCC 76.3 86.0 84.7 85.1 73.5 82.4 81.3 43.9

OVANet 79.9 95.2 95.5 84.5 77.5 82.6 85.9 30.0

SF-
Uni

USFDA 85.5 79.8 83.2 90.6 81.2 88.7 84.9 48.8
UMAD 77.4 90.7 97.2 79.1 87.4 90.4 87.0 58.3

B2-
Uni

UB2DA 77.7 91.4 85.8 78.3 91.3 85.3 85.0 25.5
SO 66.6 91.0 86.6 67.0 75.1 79.7 77.7 17.0

GSS 80.9 92.0 89.4 81.1 91.4 88.1 87.1 43.5

Table 1: H-score (%) on Office and VisDA in OPDA. Uni is
short for UniDA. Italic, underlined and bold numbers repre-
sent maxima within Uni, SF-Uni and B2-Uni methods.

ODA. In the appendix, GSS also surpasses UB2DA in all
experiments. Average improvements on Office and Office-
Home are 9.0% and 9.2%. H-score of GSS on VisDA is al-
most 2.8 times that of UB2DA. Besides, the average H-score
of GSS on Office and OfficeHome are 3.0% and 4.9% larger
than the best results of UniDA methods and 1.8% and 3.3%
than SF-UniDA ones.

PDA and CDA. In the appendix, measured by the average
accuracy, GSS outperforms UB2DA on Office, OfficeHome
and VisDA by 10.9%, 16.8% and 6.9% respectively in PDA.
In CDA, GSS achieves average accuracy gains of 11.0% and
6.0% on Office and OfficeHome. The accuracy of GSS on
VisDA is about 2.8 times that of UB2DA. Besides, GSS sur-
passes all UniDA methods except DANCE considering av-
erage accuracy on Office in CDA and PDA.

4.3 Experiment Analysis
Ablation Study. We conduct ablation studies by removing
each component in GSS. Table 3 shows that L(1)

full is vital for
class-balance when K is large and ωavr is important when
K isn’t so large. Without deteriorating the performance of
GSS on any dataset, no component can be removed. Com-
bined with the appendix, we find Lreg and L(2)

pse help detect
unknown samples, while Lt-kn and L(1)

p-kn are vital for known
class categorization. Lscrs, Lavr, L(1)

full and ωun balance both.

Validity of the Sample Selection Criterion. We select
different thresholds for metrics in CMU and DANCE for
comparision with SO after pre-training. Conduct experi-
ments on OfficeHome in OPDA. Figure 3 and the appendix
show that our criterion performs comparatively with the best
results of CMU and entropy used by DANCE and UB2DA.

Sensitivity Analysis of e0. We study the parameter sensi-
tivity of e0 on OfficeHome (OH) under all DA settings. From
Table 4, we find that using different e0 has little influence.
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Type Method
OfficeHome (10/5/50) DomainNet(150/50/145)

A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg P2R R2P P2S S2P R2S S2R Avg

Uni

UAN 14.7 13.3 15.0 18.8 11.5 15.0 12.1 9.5 16.9 15.0 7.4 8.5 13.1 41.9 43.6 39.1 39.0 38.7 43.7 41.0
CMU 42.2 55.7 60.0 39.5 45.9 54.1 61.2 42.1 67.7 64.0 51.3 62.0 53.8 48.1 47.6 41.0 36.6 43.9 48.0 44.2
DANCE 40.6 41.3 34.5 43.5 27.5 36.2 54.4 49.7 41.5 26.7 42.5 52.1 40.9 21.0 47.3 37.0 27.7 46.7 21.0 33.5
DCC 62.9 75.3 81.3 28.7 73.2 82.4 68.7 58.5 83.3 74.9 60.0 81.7 69.2 53.4 47.8 34.6 32.1 17.4 48.9 39.0

OVANet 62.1 76.3 80.0 71.0 69.7 75.8 73.0 60.1 80.0 75.7 63.6 79.2 72.2 55.8 51.8 47.1 47.9 44.6 56.3 50.6

SF-Uni UMAD 61.1 76.3 82.7 70.7 67.7 75.7 64.4 55.7 76.3 73.2 60.4 77.2 70.1 59.0 50.1 44.3 32.0 42.1 55.3 47.1

B2-Uni
UB2DA 61.6 68.3 77.3 72.9 68.8 76.7 70.7 60.8 75.5 72.6 63.0 71.0 69.9 56.7 49.8 45.9 33.9 43.1 51.4 46.8

SO 58.0 66.2 71.5 66.7 62.3 70.4 69.1 54.0 70.2 68.8 58.4 67.1 65.2 50.8 46.0 44.4 36.1 42.2 45.8 44.2
GSS 67.9 83.2 86.4 76.4 76.6 85.5 77.6 65.2 87.0 78.7 67.6 82.1 77.9 59.1 52.1 46.7 43.9 45.0 55.2 50.3

Table 2: H-score (%) on OfficeHome and DomainNet in OPDA. Uni is short for UniDA. Italic and bold numbers represent
maximum values within UniDA and B2-UniDA methods respectively.

Method Office OfficeHome VisDA DomainNet

GSS w/o Lreg 0.0 0.0 0.0 48.8
GSS w/o Lt-kn 84.9 76.4 23.1 40.1
GSS w/o L(1)

p-kn 84.9 76.8 35.7 49.3
GSS w/o L(1)

p-un 0.0 1.8 0.0 13.3
GSS w/o L(2)

pse 83.2 73.7 33.5 49.2
GSS w/o Lscrs 84.4 75.9 30.0 35.8
GSS w/o Lavr 84.7 72.9 27.8 12.7
GSS w/o L(1)

full 87.1 77.9 43.5 33.6
GSS w/o ωun 83.3 72.7 31.7 0.0
GSS w/o ωavr 82.2 76.5 43.0 50.3

GSS (full) 87.1 77.9 43.5 50.3

Table 3: Ablation Study. The mean of H-score (%) on each
dataset in OPDA with different variants of GSS.

(a) CMU and T (b) Entropy and T

Figure 3: H-score of Product2Clipart in OPDA

The main reason is when clustering becomes stable, i.e. Lreg

converges, entropies of non-redundant prototypes are small.

Sensitivity Analysis of Kclu. We vary Kclu on OfficeHome
(OH) under all settings. Since prototypes are used for clus-
tering rather than alignment, varying Kclu has minor influ-
ence in Table 5. Large Kclu may conducive to mining un-
known classes as they can be distinguished. But larger Kclu
takes more time to cluster. When K and Nt are large, we
advise choosing Kclu close to K, otherwise larger than K.

Varying Domain-private Classes. Negative transfer may
be severe as source-private classes increase. The imbalance
between unknown and known classes will be exacerbated

e0

Acc.(%) H-score(%)

CDA PDA ODA OPDA

0.01 51.5 55.2 68.8 77.7
0.05 51.5 55.6 68.4 77.8
0.1 51.5 55.8 68.6 77.9
0.2 51.4 55.8 68.4 77.8
0.4 51.4 55.8 68.5 77.7
0.6 51.4 55.9 68.3 78.0

Table 4: Vary e0 on OH.

Kclu

Acc.(%) H-score(%)

CDA PDA ODA OPDA

50 51.4 54.7 68.2 77.6
60 51.4 54.6 68.2 77.8
70 51.5 55.8 68.6 77.9
80 51.4 55.1 69.3 78.0
90 51.4 54.6 69.2 78.0
100 51.3 54.4 68.5 78.0

Table 5: Vary Kclu on OH.

(a) Avr. H-score in ODA (b) Avr. Acc. in PDA

Figure 4: Vary domain-private class number on OfficeHome.

as unknown classes increase. Therefore, we compare GSS
with UB2DA, SO, CMU and OVANet in ODA and PDA
when varying domain-private classes on OfficeHome. Fig-
ure 4 shows GSS consistently outperforms others.

5 Conclusion
In this paper, we propose a Gradient-based Sample Selection
method (GSS) for B2-UniDA. Our sample selection crite-
rion is derived from gradient descent and Bayes’ theorem. It
doesn’t need to select thresholds when data changes. We also
propose a balancing mechanism to avoid imbalanced learn-
ing especially imbalance between the known and unknown
classes. Overall target training modules include knowledge
distillation, self-training, adaptative estimation, clustering
and balancing. Superiority of GSS is verified by experi-
ments.
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