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A Proof of Proposition 1

We first prove the first inequality using Jensen’s inequality, which states that for a real-valued, convex
function ¢ with its domain as a subset of R and numbers ¢, ...,t, in its domain, the inequality
e(230t;) < L3 o(t;) holds. Given that —log is convex, and assuming m > 1 with
candidate models having different parameter weights 6, resulting in distinct discriminative mappings
of f(x,0), we can strictly obtain I(-= > | f(z,6;),y) < = > 7", I(f(x,6;),y) without the equal
situation. Next, we leverage the property of inequalities to prove the second inequality. Here, 0y,o;st
denotes the worst candidate model, i.e., the model with the largest loss. For any other candidate
model 0;, we have I(f(z,0;),y) < I(f(2,0worst),y). This ensures that L 3" I(f(z,6;),y) <
o it LF (@, Oworst), ), or explicitly, o 57" 1(f (2, 60:),y) < I(f(2, Oworst), y)- Substituting
the NLL loss with any strongly convex loss function would still uphold the proposition.

B Model Selection Baselines

Let {p{}I", represent the output probability vectors of all n; target samples, and let P € R XC

denote the total probability matrix. We introduce the respective computation involved in the existing
model selection approaches.

Source risk. The SourceRisk approach [1] utilizes a held-out validation set from the source
domain to select the model ) that performs best on this set as the final decision. However, this
method has limited effectiveness in scenarios with severe domain shifts between the source and
target domains. Additionally, it introduces additional hyperparameters for dataset splitting, which
can further complicate the model selection process.

Importance-weighted source risk. Directly taking source risk as target risk is unreliable due to
domain distribution shifts between domains. To address this challenge, [2] propose Importance-
Weighted Cross Validation IWCV), which re-weights the source risk using a source-target density
ratio estimated in the input space. [3] further enhance IWCV by introducing Deep Embedded
Validation (DEV), which estimates the density ratio in the feature space using a domain discriminator
and controls the variance. Both IWCV and DEV rely on the importance weighting technique [4],
which assumes that the target distribution is included in the source distribution [2], making the
weighting unreliable in scenarios with severe covariate shift and label shift. In addition, both IWCV

“This work was completed while Dapeng (1hxxhb15@gmail . com) was a scientist at A*STAR.
"Corresponding author: Jian Liang (1iangjian92@gmail . com)

38th Conference on Neural Information Processing Systems (NeurIPS 2024) Track on Datasets and Benchmarks.



and DEV involve hyperparameters and extra model training during the density ratio estimation
process.

Reversed source risk. Building upon the concept of reverse cross-validation [5], [6] propose a
novel Reverse Validation approach (RV). This method first conducts source-to-target adaptation to
obtain a UDA model, which enables the acquisition of pseudo labels for the target unlabeled data.
Subsequently, Reverse Validation performs a reversed adaptation from the pseudo-labeled target
to the source and utilizes the source risk in this reversed adaptation task for validation. Reverse
Validation relies on the symmetry between domains and cannot handle label shifts. Additionally, this
approach involves hyperparameters for dataset splitting.

Entropy. [7] propose using the mean Shannon’s Entropy of target-domain predictions as a validation
metric, prioritizing predictions with high certainty. The underlying intuition is that a good decision
boundary should avoid crossing high-density regions in the target structure [8, 9]. Lower Entropy
scores indicate better model performance for this metric.
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Entropy = T Z Z Pijlog P;;
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Information maximization. The Entropy score only considers sample-wise certainty, which can be
misleading when high-certainty predictions are biased towards a small fraction of classes [10]. To
address this challenge, [11] utilize input-output mutual information maximization (InfoMax) [12] as a
validation metric. In contrast to Entropy, InfoMax includes an additional class-balance regularization
by encouraging the averaged prediction p = ni[ S Py, PE R to be even. Higher InfoMax
scores indicate better model performance according to this metric.
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Neighborhood consistency. [10] introduce Soft Neighborhood Density (SND), a novel metric
that focuses on the property of neighborhood consistency. SND leverages softmax predictions as
features and constructs a sample-to-sample similarity matrix. This matrix is transformed into a
probabilistic distribution using the softmax function: S = softmax(PPT /1), S € R™*™. Here,
T is a small temperature parameter that sharpens the distribution, enabling the difference between
nearby and distant samples. SND favors high neighborhood consistency by prioritizing samples
whose predictions are similar to other samples within the same neighborhood, resulting in higher
SND scores.
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Class correlation. [13] introduce Corr-C, a class correlation-based metric that evaluates both class
diversity and prediction certainty. Corr-C calculates the cosine similarity between the class correlation
matrix and an identity matrix. Lower Corr-C scores are indicative of better model performance based
on this metric.

: T

Cor.C — sum(diag(P* P))
|1PTP|e

We can generally classify model selection baselines into two categories: source domain-based meth-
ods, including SourceRisk, IWCV, DEV, and RV, and target domain-specific methods, encompassing
Entropy, InfoMax, SND, and Corr-C. Recent model selection studies [10, 11, 13] predominantly align
with the target domain-specific approach. This trend arises because access to source data restricts
UDA to closed-set UDA and often involves additional model training, making the validation process
even more complex than UDA model training. In contrast, target domain-specific methods are more
straightforward and effective [10]. EnsV, our proposed method, also falls within the category of target
domain-specific methods, but fortunately with enhanced reliability due to a theoretical guarantee
designed to avert worst-case model selection scenarios.



C Hyperparameter Configurations

In our main experiments, we adopt the setting of previous studies [3, 10] by tuning a single hyper-
parameter for various UDA methods. The comprehensive hyperparameter settings can be found in
Table 1.

Table 1: Hyperparameter settings for all considered UDA methods. The settings are partially based
on [10], with an expanded search space size from 5 to 7 and the inclusion of additional UDA methods

across diverse UDA scenarios.

UDA method UDA type Hyperparameter Search space Default value
ATDOC [14] se]figﬁling loss co;:\fﬁcient 0{37%25(7)10(5): (2)(1)7} 0.2
BNM [15] output rggll)lﬁlrization foss CoifﬁCiem 0{(2),%215?108: (2)(1)7} 10
CDAN [16] e Eﬁgnmem loss coifﬁcient 0{53?50’702107,052(;} 1.0
MCC[17] output recé?lﬁlrization tempifrature 2;1306,135,5,24070} 25
MDD [18] output atenment | o | g s ey 40
SAFN [19] featug?ezﬁzf;aﬁon foss coctlicient ({)00303550851 ,06.021}’ 005
PADA [20] featuﬁi]l)lgnmem loss coifﬁcient 0{507(1)5(;70216,052(;} 1.0
DANCE [21] Self—SCl)llf)]e)réiSiOH o Cof]fﬁdem 0{37%2%)?108: (2)(1)7} 005
SHOTR2 | o eanster | | amosioso) | 03
DINE (141 | yowode disilation | 5| 05.10.2.0.5.0) Lo
AGapSeg 231 | ot ment | | 0008001.003) | 00002
ANER A |t e | | oo 00n00s) | 0001

D Full Model Selection Results

For a comprehensive study, we further consider the parameter weight-based ensemble [25] as our role
model, and the EnsV variant based on this role model is denoted as ‘EnsV-W’. While the parameter
weight-based ensemble also shows competitiveness, it requires all candidate models to share the same
architecture and lacks a theoretical guarantee of the ensemble performance. Thus, we recommend the
simple and generic prediction-based ensemble, i.e., the default ‘EnsV’.

In our experiments, we perform hyperparameter selection for both classification and segmentation
tasks. For open-partial-set UDA experiments, we utilize the H-score (%) [26, 27] metric, which
combines the accuracy of known classes and unknown samples. For semantic segmentation tasks,
we employ the mean intersection-over-union (mlIoU) (%) [23, 24] metric. As for other classification
tasks, we adopt the accuracy (%) metric. Kindly refer to Table 2 to Table 17 for the complete model
selection results.



Table 2: Validation accuracy (%) of a closed-set UDA method ATDOC [14] on Office-Home.

Method Ar—Cl Ar—Pr Ar—-Re Cl—5Ar Cl—Pr Cl—+Re Pr—Ar Pr—Cl Pr—Re Re—Ar Re—Cl Re—Pr| avg
SourceRisk [1] 51.41 77.31 78.17 66.87 74.36 75.60 61.85 48.04 76.06 71.16 58.14 84.05 68.59
IWCV [2] 55.88 76.57 78.88 66.25 74.50 78.33 65.60 48.04 80.58 72.06 58.14 83.87 69.89
DEV [3] 51.41 76.55 78.88 66.25 74.36 77.67 64.77 51.29 81.62 71.16 59.98 82.43 69.70
RV [6] 56.38 76.12 80.01 66.25 76.80 78.33 67.82 55.62 80.58 71.98 56.40 83.87 70.85
Entropy [7] 55.88 74.14 78.88 59.25 74.52 77.67 64.19 54.39 78.54 67.57 57.23 80.96 68.60
InfoMax [11] 55.88 74.14 78.88 59.25 77.74 77.67 64.19 54.39 78.54 67.57 56.61 80.96 68.82
SND [10] 55.88 74.14 78.88 59.25 74.52 75.21 64.19 54.39 78.54 67.57 56.61 80.96 68.34
Corr-C [13] 51.41 72.00 76.04 59.37 69.36 69.54 61.85 48.04 76.06 69.30 51.71 80.31 65.42
EnsV-W 57.85 76.57 81.04 66.25 79.48 78.52 67.94 55.62 82.17 71.9 59.24 84.03 71.72
EnsV 57.85 76.57 80.54 66.25 78.82 78.52 67.94 57.07 82.17 71.9 59.24 84.03 71.74
‘Worst 5141 72.00 76.04 59.25 69.36 69.54 61.85 48.04 76.06 67.57 51.71 80.31 65.26
Best 58.01 77.31 81.04 66.91 79.48 78.52 67.94 57.07 82.17 72.06 59.98 84.03 72.04
Table 3: Validation accuracy (%) of a closed-set UDA method BNM [15] on Office-Home.
Method Ar—Cl Ar—Pr Ar—-Re Cl—-Ar Cl—-Pr Cl-Re Pr—-Ar Pr—»Cl Pr—-Re Re—+Ar Re—Cl Re—Pr| avg
SourceRisk [1] 56.93 77.00 77.74 57.64 73.33 69.36 56.45 42.38 77.19 73.22 52.90 82.26 66.37
IWCV [2] 46.46 77.00 79.30 63.86 61.34 62.54 63.95 42.38 78.01 71.86 55.65 83.92 65.52
DEV [3] 57.75 71.62 79.30 57.64 67.90 75.46 66.21 54.04 78.01 73.42 57.37 82.25 68.41
RV [6] 58.67 77.00 79.30 65.68 73.33 75.46 65.64 52.05 81.25 73.42 59.54 83.92 70.44
Entropy [7] 53.40 67.04 78.04 63.41 71.44 73.93 63.58 52.69 80.95 71.86 57.37 83.96 68.14
InfoMax [11] 53.40 67.04 78.04 63.41 71.44 73.93 63.58 52.69 80.95 71.86 57.37 83.96 68.14
SND [10] 53.40 67.04 78.04 63.41 71.44 73.93 63.58 52.69 80.95 71.86 57.37 83.96 68.14
Corr-C [13] 46.46 67.04 74.82 49.73 61.34 62.54 56.45 42.38 74.41 68.11 47.26 78.51 60.76
EnsV-W 58.67 77.00 80.61 66.21 73.33 76.75 66.21 53.93 81.25 73.42 57.59 83.92 70.74
EnsV 58.67 77.00 80.61 66.21 73.33 76.75 66.21 53.93 81.25 73.42 59.54 83.92 70.90
‘Worst 46.46 67.04 74.82 49.73 61.34 62.54 56.45 42.38 7441 68.11 47.26 78.51 60.75
Best 58.67 77.00 80.61 67.16 74.16 76.75 66.21 54.04 81.36 73.42 59.82 84.12 71.11
Table 4: Validation accuracy (%) of a closed-set UDA method CDAN [16] on Office-Home.
Method Ar—Cl Ar—Pr Ar—-Re Cl—-Ar Cl—-Pr Cl—+Re Pr—-Ar Pr—Cl Pr—-Re Re—Ar Re—Cl Re—Pr| avg
SourceRisk [1] 43.41 62.51 75.51 43.96 61.59 57.70 53.75 37.50 7322 67.28 47.01 84.39 58.99
IWCV [2] 43.14 62.51 77.81 44.71 54.58 56.14 65.14 37.50 81.85 74.08 43.02 84.39 60.41
DEV [3] 57.16 71.75 77.81 62.46 55.64 71.08 65.14 56.54 81.85 74.08 57.43 78.89 67.49
RV [6] 57.16 71.75 77.78 63.62 72.92 73.40 65.14 54.50 81.85 74.21 58.56 83.37 69.52
Entropy [7] 57.55 7243 77.74 63.62 72.92 73.40 65.27 56.66 81.20 74.08 58.47 83.76 69.76
InfoMax [11] 57.55 7243 77.74 63.62 72.92 73.40 65.27 56.66 81.20 74.08 58.47 83.76 69.76
SND [10] 57.55 72.43 77.78 64.61 73.73 73.40 65.14 56.66 81.85 74.08 58.47 84.73 70.04
Corr-C [13] 43.14 63.05 73.61 43.96 54.58 56.12 51.75 37.50 73.22 65.80 43.00 77.25 56.91
EnsV-W 57.18 73.30 77.78 63.37 73.89 73.38 65.14 55.44 81.36 73.88 58.56 84.39 69.81
EnsV 57.55 73.71 78.33 64.61 73.73 74.39 65.14 56.56 81.85 73.88 58.56 84.73 70.25
‘Worst 43.14 62.51 73.61 43.96 54.58 56.12 51.63 37.50 7322 65.80 43.00 77.25 56.86
Best 57.55 73.71 78.33 64.61 73.89 74.39 65.76 56.66 81.85 74.21 59.50 84.73 70.43
Table 5: Validation accuracy (%) of a closed-set UDA method MCC [17] on Office-Home.
Method Ar—Cl Ar—Pr Ar—Re Cl—5Ar Cl—-Pr Cl—+Re Pr—Ar Pr—»Cl Pr—Re Re—Ar Re—Cl Re—Pr| avg
SourceRisk [1] 57.23 78.19 81.75 60.65 76.50 78.79 64.15 53.15 82.17 74.91 59.20 83.96 70.89
IWCV [2] 60.02 78.15 81.34 68.73 78.51 77.85 64.15 57.85 81.04 73.18 58.92 84.46 72.02
DEV [3] 57.16 78.15 81.34 69.10 73.01 76.80 64.15 57.85 82.17 73.18 59.20 84.46 71.38
RV [6] 59.34 78.53 80.70 69.10 77.83 78.22 67.20 57.85 82.24 74.91 59.20 85.54 72.56
Entropy [7] 59.31 78.53 81.59 66.87 77.83 78.79 67.20 57.85 82.51 73.79 60.82 85.54 72.55
InfoMax [11] 60.02 74.66 81.75 64.98 78.24 78.49 64.15 54.52 82.19 70.62 60.89 84.46 71.25
SND [10] 53.56 7743 79.46 67.28 76.48 76.80 65.06 54.34 81.04 74.82 58.92 85.24 70.87
Corr-C [13] 53.56 7743 79.46 67.28 76.48 76.80 65.06 54.34 81.04 74.82 58.92 85.24 70.87
EnsV-W 59.31 77.86 81.59 69.10 78.51 78.79 66.87 57.85 82.19 73.79 61.35 85.22 72.70
EnsV 59.31 77.86 81.59 69.10 77.83 78.79 66.87 57.85 82.19 73.79 61.35 85.22 72.65
‘Worst 53.56 73.44 79.25 60.65 73.01 75.76 59.74 53.15 79.55 67.78 57.18 82.11 67.93
Best 60.02 78.53 81.75 69.22 78.51 78.79 67.90 58.49 82.51 7491 61.35 85.74 73.14
Table 6: Validation accuracy (%) of a closed-set UDA method MDD [18] on Office-Home.
Method Ar—Cl Ar—Pr Ar—-Re Cl—-Ar Cl—-Pr Cl—+Re Pr—Ar Pr—-Cl Pr—-Re Re—Ar Re—Cl Re—Pr| avg
SourceRisk [1] 54.85 73.35 77.05 58.76 69.95 72.23 60.03 51.02 77.36 68.81 5742 82.50 66.94
IWCV [2] 56.40 69.52 76.59 58.76 67.40 69.43 61.89 56.43 76.82 71.94 56.68 84.43 67.19
DEV [3] 57.71 75.42 77.05 58.76 72.99 70.51 63.95 56.43 80.26 70.54 56.68 82.14 68.54
RV [6] 58.05 75.42 76.59 63.54 69.95 73.74 63.95 51.02 80.38 72.23 58.17 84.43 68.96
Entropy [7] 57.73 74.54 78.22 64.07 72.99 73.74 63.95 55.85 80.38 71.61 59.31 84.28 69.72
InfoMax [11] 58.05 74.54 78.22 64.07 72.99 73.74 63.95 55.85 80.38 71.61 59.31 84.28 69.75
SND [10] 58.05 75.42 77.05 44.99 72.99 48.06 37.08 21.60 80.26 71.94 34.39 84.43 58.86
Corr-C [13] 39.08 59.74 69.61 44.99 54.58 48.06 37.08 21.60 64.22 61.31 34.39 75.87 50.88
EnsV-W 54.89 75.42 78.01 61.89 72.99 72.23 63.08 56.43 79.66 72.23 60.02 83.96 69.23
EnsV 56.40 75.42 77.05 64.07 72.99 72.23 63.08 57.02 80.26 72.23 60.02 84.43 69.60
Worst 39.08 59.74 69.61 44.99 54.58 48.06 37.08 21.60 64.22 61.31 34.39 75.87 50.88
Best 58.05 75.42 78.22 64.07 72.99 73.74 63.95 57.02 80.38 72.23 60.02 84.43 70.04




Table 7: Validation accuracy (%) of a closed-set UDA method SAFN [19] on Office-Home.

Method Ar—Cl Ar—Pr Ar—+Re Cl—-Ar Cl—-Pr Cl—+Re Pr—+Ar Pr—+Cl Pr—+Re Re—+Ar Re—Cl Re—Pr| avg
SourceRisk [1] 50.78 69.72 76.06 59.66 70.29 69.86 60.90 46.07 71.71 70.05 57.16 80.96 65.77
IWCV [2] 50.24 69.72 77.28 62.63 67.24 69.86 58.84 49.69 75.72 71.45 57.16 79.97 65.82
DEV [3] 51.07 69.72 76.64 59.66 67.24 71.26 58.84 49.69 75.72 70.95 50.65 76.64 64.84
RV [6] 51.07 71.41 76.64 62.63 68.44 70.44 58.84 44.49 71.71 71.45 54.82 81.46 65.78
Entropy [7] 45.93 69.72 75.49 5529 67.22 68.35 54.26 43.30 75.69 70.00 49.99 80.60 62.99
InfoMax [11] 50.47 69.72 75.49 62.46 70.98 68.35 61.23 43.30 75.69 70.00 55.37 80.60 65.31
SND [10] 45.93 64.36 70.60 55.29 60.13 62.50 54.26 43.30 71.43 64.15 49.99 76.64 59.88
Corr-C [13] 45.93 69.72 70.60 55.29 60.13 62.50 61.23 43.30 71.43 71.45 49.99 76.64 61.52
EnsV-W 51.73 72.07 76.64 64.65 70.98 71.26 63.66 50.52 77.48 70.99 57.16 81.46 67.38
EnsV 51.07 72.27 77.30 63.58 70.29 71.70 62.71 49.69 77.71 71.45 55.78 80.96 67.04
Worst 4593 64.36 70.60 5529 60.13 62.50 54.26 43.30 71.43 64.15 49.99 76.64 59.88
Best 51.73 72.27 77.30 64.65 70.98 71.70 63.66 50.52 77.71 71.45 57.16 81.46 67.55

Table 8: Validation accuracy (%) of closed-set UDA methods on Office-31.
Method ATDOC [14] BNM [15] CDAN [16]

A—-D A—-W D—-A WA ag |[A=-D A=W D—-A WA ag |A=-D A=W DA WA avg
SourceRisk [1] | 88.96 87.80 73.65 71.46 80.47 [ 90.36 89.43 73.13 72770 81.41 91.16 89.06 66.33 61.46  77.00
IWCV [2] 86.14 86.54 73.65 71.46 7945 | 85.54 89.43 73.13 7270 80.20 | 69.08 58.74 66.33 61.46  63.90
DEV [3] 86.14 86.54 73.65 71.46 7945 | 85.54 89.43 73.13 7270 80.20 | 91.16 88.30 66.33 61.46  76.81
RV [6] 89.96 87.23 74.28 75.58 81.76 | 88.55 89.43 74.90 66.52 79.85 | 91.16 88.30 76.18 70.36  81.50
Entropy [7] 86.14 87.80 73.87 7270 80.13 | 85.54 83.14 71.07 7426 7850 | 91.16 89.06 72.88 70.36  80.87
InfoMax [11] 86.14 87.80 73.87 7270 80.13 | 85.54 83.14 71.07 69.97 7743 | 91.16 88.30 72.88 70.36  80.68
SND [10] 92.37 87.80 73.87 7270 81.69 | 85.54 83.14 74.62 7426  79.39 | 92.37 88.55 72.88 7022 81.01
Corr-C [13] 90.96 84.40 71.88 7022 79.37 | 84.34 78.99 67.80 66.52 74.41 67.67 59.62 58.15 58.43 60.97
EnsV-W 92.37 87.80 74.65 75.01 82.46 | 88.55 89.43 75.43 7529 8218 | 92.77 88.55 76.18 70.22  81.93
EnsV 90.96 87.80 74.65 75.01 82.11 | 90.36 89.43 75.43 7430  82.38 | 92.77 88.55 76.18 70.22  81.93
Worst 86.14 84.40 71.88 7022 78.16 | 8434 78.99 67.80 66.52 7441 67.67 57.11 58.15 58.43 60.34
Best 92.37 87.80 75.04 75.58 82.70 | 90.36 89.43 75.75 75.29 82.71 92.77 89.06 76.18 70.57 82.15

Table 9: Validation accuracy (%) of closed-set UDA methods on Office-31.
Method MCC [17] MDD [18] SAFN [19]

A—-D A—-W D—-A WA ag |[A-D A—-W DA WA ag |A-D A—-W DA WA avg
SourceRisk [T] | 90.96 91.07 7333 72.89 82.06 | 91.06 86.23 76.68 74776 82.18 [ 83.73 87.17 68.96 69.44  77.33
IWCV [2] 91.16 88.55 73.33 72.89 81.48 | 91.16 89.18 76.68 7430  82.83 | 86.55 80.38 68.96 69.68  76.39
DEV [3] 89.16 93.08 73.33 72.06 81.91 91.16 89.18 76.68 74.62 8291 86.55 80.38 68.96 67.45 75.84
RV [6] 89.06 93.08 74.42 73.52 82.52 | 92.57 86.79 7391 7497  82.07 | 90.83 87.17 68.76 68.62  78.85
Entropy [7] 90.56 93.46 74.83 73.02 82.97 | 92.57 90.82 78.03 74.58 84.00 [ 91.57 85.66 67.20 69.26  78.42
InfoMax [11] 89.16 88.55 74.16 73.70  81.39 | 92.57 90.82 78.03 7497  84.10 | 91.57 87.42 67.20 69.26  78.86
SND [10] 91.97 93.46 74.83 73.02 8332 | 92.17 90.82 78.03 7497  84.00 | 89.96 85.66 67.20 69.26  78.02
Corr-C [13] 91.37 93.46 74.83 73.02  83.17 | 91.57 85.66 73.91 74.58  81.43 | 86.75 80.38 67.09 69.68  75.98
EnsV-W 90.56 91.07 74.16 7370 8237 | 92.57 90.82 71.53 7430  83.80 | 91.57 87.17 70.22 69.12  79.52
EnsV 90.56 91.45 73.80 7370 8238 | 92.57 90.82 71.53 74.30  83.80 | 90.96 87.17 70.22 69.12  79.37
Worst 86.75 87.17 T1.18 69.93  78.76 | 87.35 85.66 7391 7220 79.78 | 83.73 80.38 67.09 67.45  74.66
Best 91.97 93.46 74.83 74.01 83.57 | 92.57 92.20 78.03 75.01 84.45 | 91.57 87.42 70.43 69.68  79.78

Table 10: Validation accuracy (%) of a closed-set UDA method CDAN [16] on DomainNet-126.

Method C-»S P»C PR R—-C R—»P R—-S S—P| avg

Entropy [7] 58.04 6478 7442 6939 68.65 60.63 62.94 | 65.55
InfoMax [11] | 58.04 64.78 7442  69.39 68.65 60.63 62.94 | 65.55
SND [10] 58.04 6478 7442  69.39 68.65 60.63 60.70 | 65.23
Corr-C [13] 58.04 57.73 7442 5698 6507 51.23  60.70 | 60.60
EnsV-W 5515 6098 7386 60.99 6507 5550 6027 | 61.69
EnsV 56.73 6467 7444 67.08 6797 58.12 6257 | 64.51
Worst 5159 5773 7344 5698 63.06 5123 5846 | 58.93
Best 58.04 6478 7444 6939 6865 60.63 6294 | 65.55

Table 11: Validation accuracy (%)

Method cC—+S P-C PR R—-C R—=P R—=S S—=P| avg

Entropy [7] 56.42 6157 7431 65.15 6515 4095 6342 | 61.00
InfoMax [11] | 56.42 6895 7431 65.15  65.15 5493 6342 | 64.05
SND [10] 4378  61.57 7431 S51.55 5440 4095 5459 | 5445
Corr-C [13] 4378  60.03  77.62 5947 67.19 4095 59.64 | 58.38
EnsV-W 5848 6842 77.62 6605 6779 57.65 64.34 | 65.76
EnsV 5773 69.63 77.62 66.10 67.79 57.65 64.34 | 65.84
Worst 4378  60.03 7431 S51.55 5440 4095 5459 | 5423
Best 5848  69.63 78.68 66.10 67.79 5850 6520 | 66.34

of a closed-set UDA method BNM [15] on DomainNet-126.

Table 12: Validation accuracy (%) of a closed-set UDA method ATDOC [14] on DomainNet-126.

Method C-»S P»C PR R—-C R—»P RS S—P| avg

Entropy [7] 4643 6598 79.60 6152 6424 5792 59.46 | 62.16
InfoMax [11] | 4643 6598 79.60 61.52 6424 5792 59.46 | 62.16
SND [10] 4643 6598 79.60 6152 6424 4758 59.46 | 60.69
Corr-C [13] 5471  60.63 7442 5933 6458 52,66 59.95 | 60.90
EnsV-W 63.12 69.57 7833 6793 6932 60.85 6633 | 67.92
EnsV 62.11 7114 80.01 6945 69.79 61.35 67.10 | 68.71
Worst 4643  60.63 7442 5933 6424 4758 59.46 | 58.87
Best 63.12  71.14 8038 6945 69.79 61.35 67.10 | 68.90




Table 13: Validation accuracy (%) of a partial-set UDA method PADA [20] on Office-Home.

Method Ar—+Cl Ar—Pr Ar—+Re Cl-Ar Cl—-Pr Cl—+Re Pr—+Ar Pr—+Cl Pr—+Re Re—+Ar Re—Cl Re—Pr| avg

SourceRisk [1] 45.03 68.85 81.89 43.25 46.83 57.26 57.21 36.42 76.53 71.26 44.30 71.76 58.87
IWCV [2] 55.58 65.10 84.54 51.42 61.29 53.01 56.93 35.16 81.34 70.52 60.78 7412 | 62.49
DEV [3] 54.81 78.15 78.02 58.13 61.29 50.14 67.86 35.16 83.21 74.66 5791 71776 | 64.76
RV [6] 43.22 65.10 81.89 42.70 48.74 52.79 57.21 35.16 77.80 73.46 44.30 71.76 58.34
Entropy [7] 40.12 40.11T 55.94 5243 3725 50.14 57.30 47.22 81.34 70.52 52.18 82.13 55.56
InfoMax [11] 54.81 69.24 78.02 52.43 37.25 50.14 57.30 47.22 71.84 70.52 52.18 74.12 59.59
SND [10] 40.12 40.11 55.94 58.13 56.13 64.11 70.62 51.22 81.34 74.66 60.78 82.13 61.27
Corr-C [13] 40.12 40.11 55.94 54.18 46.89 53.01 58.59 38.93 77.80 71.26 57.91 77.70 | 56.04
EnsV-W 55.58 77.25 86.14 58.13 60.17 67.86 73.00 37.97 84.04 76.77 57.91 83.75 68.21
EnsV 54.81 69.24 86.53 58.13 56.13 64.11 70.62 51.22 84.04 76.86 60.78 84.20 | 68.06
‘Worst 40.12 40.11 5594 41.41 3725 50.14 56.93 34.87 71.84 70.52 4424 7412 | 51.46
Best 55.58 78.15 86.53 58.13 61.29 68.19 73.00 51.22 84.04 76.86 60.78 84.20 69.83

Table 14: Validation accuracy (%) of a partial-set UDA method SAFN [19] on Office-Home.

Method Ar—-Cl Ar—Pr Ar—-Re Cl—-Ar Cl-Pr Cl+Re Pr—Ar Pr—-Cl Pr-Re Re—Ar Re—Cl Re—Pr| avg

SourceRisk [1] 59.40 77.14 81.34 63.97 67.00 71.29 65.60 46.21 76.81 70.89 58.51 79.10 68.11
IWCV [2] 52.24 74.45 82.16 70.98 62.41 70.18 63.45 53.49 76.81 73.65 56.00 78.49 67.86
DEV [3] 55.22 74.45 80.07 70.98 67.00 71.29 63.45 51.70 76.81 73.65 5791 80.39 68.58
RV [6] 53.67 71.60 81.34 67.58 67.00 73.27 65.70 48.54 76.81 73.65 56.00 79.89 67.92
Entropy [7] 58.93 74.90 80.73 70.98 74.12 69.80 70.16 50.09 79.24 74.10 57.85 80.06 70.08
InfoMax [11] 51.82 67.62 76.97 64.65 65.77 69.80 59.69 50.09 74.10 66.67 53.31 75.52 64.67
SND [10] 51.82 74.90 80.73 70.98 74.12 75.10 70.16 50.09 79.24 74.10 53.31 80.06 69.55
Corr-C [13] 59.40 77.20 82.16 67.58 72.89 75.10 70.16 55.70 80.12 75.94 52.00 80.73 70.75
EnsV-W 59.40 77.20 82.16 71.72 72.89 74.82 72.45 55.70 80.73 75.94 59.16 80.73 71.91
EnsV 55.22 76.30 81.28 67.58 70.31 74.05 70.16 54.63 80.12 75.21 58.51 80.39 70.31
‘Worst 51.52 67.62 76.97 61.07 62.35 69.80 59.69 46.21 74.10 66.67 52.00 75.52 63.63
Best 59.40 77.20 82.16 71.72 74.12 75.10 72.45 55.70 80.73 75.94 59.16 80.73 72.03

Table 15: H-score [26,

271 (%) of an

open-partial-set UDA method DANCE [21] on Office-Home.

Method Ar—Cl Ar—Pr Ar—Re Cl—-Ar Cl—»Pr Cl—+Re Pr—Ar Pr—Cl Pr—+Re Re—Ar Re—Cl Re—Pr| avg

Entropy [7] 38.29 26.08 36.51 3292 17.10 32.19 37.69 46.40 45.53 25.39 3375 39.37 3427
InfoMax [11] 38.29 26.08 36.51 3292 17.10 32.19 37.69 46.40 45.33 25.39 33.75 39.37 34.25
SND [10] 1.00 0.00 12.73 0.00 42.84 1.95 19.77 11.99 35.69 25.39 0.00 28.40 14.98
Corr-C [13] 1.00 0.00 12.73 0.00 42.84 1.95 19.77 11.99 35.69 69.02 0.00 28.40 18.62
EnsV-W 67.00 75.15 66.57 67.87 67.35 59.05 66.41 62.59 69.40 59.86 67.54 73.40 66.85
EnsV 38.40 76.96 66.57 71.76 75.17 69.99 77.42 48.15 69.40 81.84 67.54 84.31 68.96
Worst 1.00 0.00 12.73 0.00 17.10 1.95 19.77 11.99 35.69 25.39 0.00 28.40 12.84
Best 67.00 76.96 66.57 71.76 75.17 69.99 77.42 64.32 72.87 81.84 67.54 84.31 72.98

Table 16: Validation accuracy (%) of a white-box source-free UDA method SHOT [22] on Office-

Home.
Method Ar—Cl Ar—Pr Ar»Re Cl-Ar Cl—»Pr Cl->Re Pr—-Ar Pr—»Cl Pr—-Re Re—Ar Re—Cl Re—Pr| avg
Entropy [7] 49.14 76.17 79.23 60.57 73.94 74.00 60.69 48.66 79.73 68.89 53.56 81.93 67.21
InfoMax [11] 49.14 76.17 79.23 60.57 73.94 74.00 60.69 48.66 79.73 68.89 53.56 81.93 67.21
SND [10] 49.14 76.17 79.23 60.57 76.59 74.00 64.28 54.55 79.73 68.89 58.81 81.93 68.66
Corr-C [13] 55.60 76.66 79.83 67.04 76.59 76.86 66.63 54.55 80.74 73.71 58.81 84.61 70.97
EnsV-W 56.36 77.81 81.36 68.27 78.78 78.91 65.80 54.52 82.01 73.01 59.45 84.61 71.74
EnsV 56.36 77.81 81.36 68.27 78.78 78.91 67.12 54.52 82.01 73.34 59.45 84.61 71.88
Worst 49.14 76.17 79.23 60.57 73.94 74.00 60.69 48.66 79.73 68.89 53.56 81.93 67.21
Best 56.36 77.95 81.36 68.27 79.05 7891 67.33 55.33 82.01 73.88 59.54 84.66 | 72.05

Table 17: Validation accuracy (%) of a white-box source-free UDA method SHOT [22] on Office-31.

Method A-D A—-W DA WA avg
Entropy [7] 90.76 88.68 71.21 72.13  80.69
InfoMax [11] | 90.76 88.68 71.21 72.13  80.69
SND [10] 90.76 88.68 71.21 72.13  80.69
Corr-C [13] 90.76 90.19 71.21 7196  81.03
EnsV-W 94.78 91.82 75.15 74.55  84.08
EnsV 94.78 91.82 75.15 74.55  84.08
Worst 90.76 88.68 71.21 7192 80.64
Best 94.78 93.33 75.58 7455  84.56
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