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Unsupervised domain adaptation (UDA)

m Source domain D;: n, labeled samples {z%,y!}", from Ps(X,Y).

m Target domain D;: n; unlabeled samples {x,@}?;l from Pp(X,Y).

m Goal: Use Dy and D; during training (transductive) to learn a good
UDA model to predict {y;}"*; under domain shift (Ps # Pr).
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Model selection: a critical problem in UDA

m Without proper hyperparameters, state-of-the-art UDA models can
underperform the baseline source-trained model on target data.

m Model selection: to select the model with the minimal target risk.
m Challenges: no labeled target data; domain distribution shifts.
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Previous model selection methods

m Source-based methods: use labeled source data for validation.

m Risk of the labeled source validation set: SourceVal.
m Re-weight the source risk via importance weighting: IWCV and DEV.
m Source risk of the model trained in a reversed UDA task: RV.

m Target-only methods: measure properties of target predictions.

m Low mean entropy: Entropy.

m Low mean entropy and high category diversity: InfoMax.
m High neighborhood consistency: SND.

m Low category correlation: Corr-C.

m Target-only methods are simpler and more versatile compared to
source-based methods.
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m Two limitations with existing target-only validation methods: selection
via raw predictions; incomplete evaluation of target data structure.

Table: Comparison of assumptions considered in validation methods using target data.

neighborhood no prior of low-density

Validation Method . . . .
consistency  class diversity  separation

Entropy X v v
InfoMax X X v
SND v/ v X
Corr-C X X v
MixVal (Ours) v v v

m Our MixVal leverages mixed target samples to directly and
comprehensively probe the learned target structure.
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MixVal: mixed samples as probes for validation

m Step 1: Generation of mixed samples {(x!
mixed sample (x

L i ymlx) . To obtain
t oY), we perform mixup with a pair of target

samples z¢, 2] and their predicted pseudo labels §i, 37

xmix:)\*xi"i_(l_)\)*xg? ymlx:)‘*?gg_'_(l_A)*gg

m Step 2: Interpolation consistency evaluation (ICE). With a given
UDA model, we conduct inference for all mixed samples {z7 . }™
resulting in predicted labels {g%, }™, and evaluate the consistency

between the mixed labels and predicted labels.
ICE = AccuraCY({lex}1 1 {A.mix};il)'
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MixVal: mixed samples as probes for validation

m MixVal uses two types of probes: intra-cluster mixed samples to probe
the neighborhood consistency property and inter-cluster mixed
samples to probe the low-density separation property.

m Metric: the average ranking of both ICE scores and higher is better.

1
MixVal = i(Ranking(ICEimra) + Ranking(ICEpter))-

Probe via intra-cluster ICE Probe via inter-cluster ICE

O [ Real target samples O [ Real target samples
O [  Intra-cluster mixed data © [ Inter-cluster mixed data
= Decision boundary = Decision boundary
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Setup: UDA methods and hyperparameter settings

UDA method UDA Type Hyperparameter Search Space Default Value
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Results: closed-set UDA on Office-Hom

m MixVal outperforms all baselines on this standard benchmark.

ATDOC (CVPR2021)

BNM (CVPR'2020)

CDAN (NeurlPS'2018)

Method | ' ¢l SPr —Re avg | wAr  —Cl  —Pr —Re avg | 5Ar  —C  Pr SRe  avg
SourceVal | 66.63 52.54 7857 76.61 68.59 | 6244 50.74 77.53 7476 66.37 | 55.00 42.65 69.50 68.81 58.99
Iwcv 67.97 5403 7831 7926 69.89 | 66.56 48.16 74.09 73.28 6552 | 61.31 41.24 67.17 71.93 60.41
DEV 67.39 5423 77.78 7939 69.70 | 65.76 56.39 73.92 77.59 6841 | 67.23 57.04 6876 76.91 67.49
RV 68.68 56.13 78.93 79.64 70.85 | 68.25 56.75 78.08 78.67 70.44 | 67.66 56.74 76.01 77.68 69.52
Entropy 63.67 55.83 76.54 78.36 68.60 | 66.28 5449 7415 77.64 68.14 | 67.66 57.56 76.37 77.45 69.76
InfoMax 63.67 5563 77.61 7836 6882 | 66.28 5449 7415 77.64 68.14 | 67.66 57.56 76.37 77.45 69.76
SND 63.67 55.63 76.54 77.54 6834 | 66.28 5449 7415 77.64 68.14 | 67.94 5756 76.96 77.68 70.04
Corr-C 63.51 50.39 73.89 7388 6542 | 58.10 45.37 6897 70.59 60.76 | 53.84 41.21 6496 67.65 56.91
MixVal 66.47 56.87 78.14 7920 70.17 | 67.36 56.18 76.10 78.12 69.44 | 67.71 57.78 76.89 77.76 70.03
Worst 62.80 50.39 73.89 7388 65.26 | 58.10 45.37 6896 70.59 60.75 | 53.80 41.21 64.78 67.65 56.86
Best 68.97 5835 80.27 80.58 72.04 | 68.93 5751 7843 79.57 71.11 | 68.19 57.90 77.44 7819 70.43
Method MCC (ECCV'2020) MDD (ICML'2019) SAFN (ICCV'2019) Home
—Ar  —=Cl  —Pr  —Re avg —Ar  —=Cl —Pr —Re avg —Ar  —Cl —Pr  —Re avg AVG
SourceVal | 66.57 56.53 79.55 80.90 70.89 | 62.563 54.43 7527 7555 66.94 | 63.54 51.34 73.66 74.54 6577 | 66.26
IwC 68.69 5893 80.37 80.08 72.02 | 6420 56.50 73.78 7428 67.19 | 6431 5236 7231 7429 6582 | 66.81
DEV 68.81 5807 7854 80.10 71.38 | 64.42 56.94 76.85 7594 6854 | 63.15 50.47 7120 7454 64.84 | 68.39
RV 70.40 58.80 80.63 80.39 72.56 | 66.57 55.75 76.60 76.90 6896 | 64.31 50.13 73.77 7493 65.78 | 69.68
Entropy 69.29 59.33 80.63 80.96 7255 | 66.54 57.63 77.27 77.45 69.72 | 59.85 46.41 7251 73.18 62.99 | 68.63
InfoMax 66.58 58.48 79.12 80.81 71.25 | 66.54 57.74 77.27 77.45 69.75 | 64.56 49.71 73.77 73.18 65.31 | 68.84
SND 69.05 55.61 79.72 79.10 70.87 | 51.34 38.01 77.61 6846 58.86 | 57.90 46.41 67.04 68.18 59.83 | 66.02
Corr-C 69.05 5561 79.72 79.10 70.87 | 47.79 3169 63.40 60.63 50.88 | 62.66 46.41 6883 68.18 61.52 | 61.06
MixVal 69.79 59.24 80.47 80.74 7256 | 65.73 58.01 77.36 7691 69.50 | 65.98 53.14 74.76 75.40 67.32 | 69.84
Worst 62.72 5463 76.19 78.19 6793 | 47.79 3169 63.40 60.63 50.88 | 57.90 46.41 67.04 68.18 59.88 | 60.26
Best 70.68 59.95 80.93 81.02 73.14 | 66.75 5836 77.61 77.45 70.04 | 66.59 53.14 7490 7557 67.55 | 70.72
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Results: closed-set UDA on Office-31 and VisDA

m MixVal shows larger advantages on the large-scale benchmark VisDA.

ATDOC (CVPR'2021) BNM (CVPR'2020) CDAN (NeurlP5'2018)
—A —D —W avg T—=V | —A —D —W avg T—=V | —A —D —W avg  T—=V
SourceVal | 72.56 88.96 87.80 83.11 67.79 | 72.92 90.36 89.43 84.24 7051 | 63.90 91.16 89.06 81.37 64.50

Method

Iwcv 7256 86.14 8654 81.75 67.79 | 7292 8554 89.43 8263 76.94 | 63.90 69.08 5874 63.91 64.50
DEV 7256 86.14 86.54 8175 7034 | 7292 8554 89.43 8263 76.94 | 6390 91.16 8830 81.12 64.50
RV 74.93 89.96 87.23 8404 77.37 | 70.71 88.55 89.43 8290 7458 | 73.27 91.16 88.30 8424 76.02

Entropy 7329 86.14 87.80 8241 6285 | 72.67 8554 83.14 8045 5836 | 71.62 91.16 89.06 83.95 80.46
InfoMax 7329 86.14 87.80 8241 76.49 | 70.52 8554 8314 79.73 5836 | 71.62 91.16 8830 83.69 80.46
SND 73.29 92.37 87.80 84.49 77.37 | 7444 8554 8314 8104 69.65 | 71.55 9237 8855 84.16 80.46
Corr-C 71.05 90.96 8440 8214 67.79 | 67.16 8434 7899 76.83 7051 | 58.29 67.67 59.62 61.86 64.50
MixVal 73.61 90.96 86.54 83.70 77.37 | 74.97 86.48 87.00 8281 7451 | 72.73 92.64 89.06 84.81 80.46

Worst 71.05 86.14 8440 8053 62.85 | 67.16 84.3¢4 7899 76.83 23.08 | 58.29 67.67 57.11 61.02 64.50
Best 7531 9237 87.80 85.16 77.37 | 7552 90.36 89.43 8510 76.94 | 73.38 92.77 89.06 85.07 80.46
Method MCC (ECCV'2020) MDD (ICML'2019) SAFN (ICCV'2019) Office VisDA

—A =D W avg TV | A =D -SW avg T=V | —A —-D W avg T=V | AVG AVG
SourceVal | 73.11 90.96 91.07 85.05 80.46 | 75.72 91.06 86.23 84.34 7225 | 69.20 83.73 87.17 80.03 70.71 | 83.02 71.04

Iwev 7311 91.16 8855 8427 8148 | 75.49 91.16 89.18 8528 72.25 | 69.32 86.55 80.38 78.75 66.33 | 79.43 71.55
DEV 7270 89.16 93.08 8498 8148 | 75.65 91.16 89.18 8533 72.25 | 68.21 86.55 80.38 78.38 66.33 | 8236 71.97
RV 7397 89.06 93.08 8537 8222 | 7446 92.57 86.79 8461 77.23 | 68.69 90.83 87.17 8223 66.33 | 83.90 7562

Entropy 73.93 9056 93.46 8598 82.22 | 7631 92.57 90.82 86.57 78.95 | 68.23 91.57 8566 81.82 70.20 | 83.53 72.17
InfoMax 73.93 89.16 8855 83.88 8148 | 76.50 92.57 90.82 86.63 78.95 | 68.23 91.57 87.42 82.41 7020 | 83.13 74.32
SND 7393 91.97 93.46 86.45 69.35 | 76.50 92.17 90.82 86.50 78.95 | 68.23 89.96 8566 81.28 58.15 | 83.99 7232
Corr-C 73.93 9137 93.46 8625 69.35 | 7425 91.57 85.66 83.83 7225 | 68.39 86.75 80.38 7851 6252 | 78.24 67.82
MixVal 74.09 91.77 9321 86.36 81.48 | 7597 9177 91.74 86.49 78.95|69.61 89.96 86.83 82.13 74.41 | 84.39 77.86
Worst 7056 86.75 87.17 8149 6935 | 73.06 8735 8566 8202 7225|6727 8373 8038 77.13 5815 | 76.50 58.36
Best 7442 9197 9346 86.62 8223 | 76.52 9257 9220 87.10 78.95 | 70.06 9157 87.42 83.02 75.30 | 85.34 7854
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Results: closed-set UDA on DomainNet

m Notably, on a recent large-scale benchmark DomainNet, MixVal
consistently and significantly outperforms all target-only model
selection baselines, including Entropy and SND.

CDAN (NeurlPS'2018) BNM (CVPR'2020) ATDOC (CVPR'2021)
—-C —-P =R =S avg —-C —=P —=R =S avg —-C —»P —R =S avg
Entropy | 67.09 65.80 74.42 59.34 66.66 | 63.36 64.28 7431 48.69 62.66 | 63.75 61.85 79.60 52.17 64.34
InfoMax | 67.09 65.80 74.42 59.34 66.66 | 67.05 6428 7431 55.67 6533 | 63.75 61.85 79.60 5217 64.34
SND 67.09 64.68 74.42 59.34 66.38 | 56.56 54.50 7431 4237 56.93 | 63.75 61.85 79.60 47.00 63.05
Corr-C 57.35 62.88 74.42 5463 6232 | 59.75 63.41 77.62 4237 6079 | 59.98 62.27 7442 53.69 62.59
MixVal | 67.09 65.80 74.42 59.34 66.66 | 67.84 66.40 78.68 58.49 67.85 | 68.94 68.44 79.60 61.73 69.68
Worst 5735 60.76 73.44 5141 60.74 | 55.79 5450 7431 4237 56.74 | 59.98 61.85 7442 47.00 60.81
Best 67.09 6580 74.44 5934 66.66 | 67.86 66.50 78.68 5849 67.88 | 70.30 68.44 80.38 62.23 70.34

Method
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Results: partial-set UDA on Office-Home

m MixVal consistently outperforms all other validation baselines. The
‘class diversity’ prior proves to be detrimental due to the label shift
between the two domains.

PADA (ECCV'2018) SAFN (ICCV'2019)
—Ar —Cl —Pr — Re avg —Ar —Cl —Pr — Re avg
SourceVal | 57.21 4190 64.48 71.89 58.87 | 66.82 54.71 7441 76.48 68.11

Method

IwWcv 59.65 50.51 66.84 7296 6249 | 69.36 5391 7178 7638 67.86
DEV 66.88 4929 7240 70.46 64.76 | 69.36 5494 7395 76.06 68.58
RV 57.79 4087 63.87 70.83 58.34 | 68.98 5274 7283 77.14 67.92

Entropy 60.08 46.51 53.16 6247 5556 | 71.75 55.62 76.36 76.59 70.08
InfoMax 60.08 51.40 60.20 66.67 59.59 | 63.67 51.74 69.64 73.62 64.67
SND 67.80 50.71 59.46 67.13 6127 |71.75 5174 76.36 78.36 69.55
Corr-C 61.34 4565 54.90 6225 56.04 | 7123 5570 76.94 79.13 70.75
MixVal 67.68 51.01 7294 78.64 67.57 | 71.70 57.91 77.08 78.94 71.41
Worst 56.29 39.76 50.49 59.31 5146 | 6248 4991 6850 73.62 63.63
Best 69.33 5586 7455 79.59 69.83 | 73.37 58.09 7735 7933 72.03
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Results: open-partial-set UDA and source-free UDA

m We are among the first to evaluate validation baselines on
open-partial-set UDA (DANCE) and source-free UDA (SHOT).
MixVal consistently outperforms all other target-only baselines.

Table: HOS (%) of open-partial-set UDA and accuracy (%) of source-free UDA.

DANCE (NeurlPS'2020) Home | SHOT (ICML'2020)  Office VisDA
—Ar  —C  —=Pr —=Re avg —A —D —W avg TV
Entrop | 32.00 39.48 27.52 38.08 3427 | 71.67 90.76 88.68 83.70 82.65
InfoMax | 32.00 39.48 2752 38.01 3425 | 71.67 90.76 88.68 83.70 82.65
SND 15.05 433 2375 16.79 1498 | 71.67 90.76 88.68 83.70 82.65
Corr-C 2060 433 2375 1679 18.62 | 71.58 90.76 90.19 84.18 82.65
MixVal | 71.54 52.90 78.61 65.01 67.01 | 72.04 92.37 92.32 85.58 83.12
Worst 15.05 433 1517 16.79 12.84 | 71.56 90.76 88.68 83.67 80.57
Best 77.01 66.29 7881 69.81 7298 | 75.06 9478 93.33 87.72 83.12

Method
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Analysis: ablation of probing in MixVal

m Observations from the PADA results on Office-Home: 1) A value of A
near 0.5 is better than a value of A near 1. 2) Hard pseudo labels are

simpler and more stable than soft ones. 3) Both types of probes are
effective, and their combination enhances stability.
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Analysis: further analysis of probing in MixVal

m When a metric inspired by linear discriminant analysis (LDA) is used
to measure the raw predictions, which involves minimizing
intra-cluster variance while maximizing inter-cluster variance, we
observe that this LDA metric outperforms other measurements but
falls short of MixVal's performance, which adopts a direct probing
with mixed samples.

Method PADA (ECCV'2018) SAFN (ICCV'2019) Home

—Ar —-Cl —Pr —Re avg | -Ar —-Cl —Pr —Re avg AVG
SourceVal | 57.21 41.90 64.48 7189 5887 | 66.82 54.71 7441 76.48 68.11 | 63.49
Entropy 60.08 46.51 53.16 62.47 5556 | 71.75 55.62 76.36 76.59 70.08 | 62.82
InfoMax 60.08 51.40 60.20 66.67 59.59 | 63.67 51.74 69.64 73.62 64.67 | 62.13

SND 67.80 50.71 5946 67.13 61.27 | 71.75 51.74 7636 7836 69.55 | 65.41
Corr-C 6134 4565 5490 6225 56.04 | 7123 5570 76.94 79.13 70.75 | 63.40
LDA 6452 4651 69.47 72.67 63.29 | 71.75 5439 7393 77.10 69.29 | 66.29
MixVal 67.68 5101 72.94 78.64 67.57 | 71.70 57.91 77.08 7894 71.41 | 69.49
Worst 56.29 39.76 5049 5931 5146 | 62.48 49.91 6850 73.62 63.63 | 57.55
Best 69.33 55.86 7455 7959 69.83 | 73.37 58.09 7735 79.33 72.03 | 70.93
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Analysis: influence of consistency evaluation

m The use of image-level mixup in MixVal yields superior results
compared to other strategies, including instance-based augmentations

like RandAug and SSLAug, as well as mixup at different levels such as
CutMix and FeatMix.
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Analysis: attack of mixup-based UDA method

m Even when particularly using MixVal to validate the UDA method
DMRL, which incorporates mixup-based consistency training within
the target domain, MixVal continues to demonstrate superior
performance.

Method DMRL (ECCV'2020) Home | DMRL (ECCV'2020)  Office
—Ar  —=Cl —Pr  —Re avg —A —-D W avg
Entropy | 58.14 50.25 69.06 71.37 62.20 | 63.67 80.52 86.67 76.95
InfoMax | 58.14 50.75 69.06 71.37 62.33 | 63.67 80.52 86.67 76.95
SND 57.74 49.96 69.28 71.42 6210 | 61.84 84.14 86.67 77.55
Corr-C | 58.29 49.46 68.67 71.73 62.04 | 60.23 77.51 81.13 72.95
MixVal | 59.13 50.41 69.28 72.07 62.72 | 64.89 8293 86.67 78.16
Worst 57.71 48.99 67.78 70.72 61.30 | 60.23 76.31 81.13 72.55
Best 59.20 50.75 69.28 72.24 62.87 | 65.30 84.14 86.67 78.70
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Analysis: two-hyperparameter validation

m The addition of a hyperparameter for the bottleneck dimension in
MCC and MDD ranging from {256,512, 1024, 2048} is considered.
MixVal maintains its leading performance when evaluated on
Office-Home.

MDD (ICML'2019) MCC (ECCV'2020)
Ar — Cl CIl — Pr Pr — Re Re =+ Ar avg |Ar — Cl Cl = Pr Pr — Re Re = Ar avg
SourceVal| 55.99 7315 7877 69.39 69.33| 57.91 76.84  81.13 7289 7219

Method

IWcv 3789 7292 80.42 58.43 6242 | 46.09 77.74 80.68 74.45 69.74
DEV 52.60 7211 53.36 67.70 61.44| 59.47  76.84 81.94 74.08 73.08
RV 57.59 7225 80.83 70.79 70.37| 59.13 76.84 82.03 71.98 72.50

Entropy 57.21 73.19  80.06 72.31 70.69 | 59.75 77.77 82.37 7433 73.56
InfoMax 57.59 7292 80.06 7231 70.72| 59.70 78.73  82.58 70.33 7284
SND 38.10  56.45 70.03 65.10 57.42| 5349 7497 77.25 7412 69.96
Corr-C 30.17 4474 57.15 50.76 45.71| 4490  56.75 74.32 67.61  60.90
MixVal 55.99 72,63 80.27 7212 70.25| 60.08 78.52 81.95 7443 73.75
Worst 30.17  39.81 53.36 50.76  43.53| 43.02 56.75 73.47 67.24  60.12
Best 5759 7335 80.93 7252 71.10| 61.10 7894 83.04 7536 74.61
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Analysis: two-hyperparameter validation

m Qualitative comparisons between SND and MixVal when validating
MCC on Ar—Cl, with « as the bottleneck dimension and 7 as the
temperature. MixVal scores demonstrate a strong correlation with
actual accuracy, whereas SND scores exhibit noticeable deviation.

Accuracy

Rank by Accuracy

50.2 44.9 445 43.0
574 49.6 46.7 46.1

1024 9615 51.3 47.3

£ 2048
b
1.0 1.5 20 25 3.0 35 40 1.0 1.5 20 25 3.0 35 15
n: temperature n: temperature
Rank by SND (ICCV'2021) Rank by MixVal (ours) 10
256
5 Sl2
<
8
E 1024
g
£ 2048
P

1.0 1.5 20 25 3.0 35 40 1.0 1.5 20 25 3.0 35 40
n: temperature n: temperature

Dapeng Hu (NUS) Model Selection (NeurlPS'23) November 10, 2023 22/26



Analysis: two-hyperparameter validation

m The addition of a hyperparameter for the training iteration in
semantic segmentation UDA methods ranging from 10k to 30k with
the 2k as the step. MixVal maintains the leading performance.

Table: Segmentation mloU (%) on GTAV — Cityscapes.

Method | AdaptSegt (CVPR'2018) | AdvEnt (CVPR'2019)

SourceVal 39.52 39.08
Entropy 39.47 38.41
SND 40.69 40.02
MixVal 42.20 40.02
Worst 33.84 33.06
Best 42.20 41.78
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Analysis: influence of back

m When ViT is used as the backbone, MixVal maintains its superior
performance, while validation baselines including Entropy, InfoMax,
and Corr-C collapse.

Dapeng Hu (NUS)

Table: ViT accuracy (%) on R —S.

Method ‘BNM (CVPR'2020)

Entropy 28.21
InfoMax 28.21
SND 52.42
Corr-C 28.21
MixVal 54.78
Worst 28.21
Best 55.16
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Summary: take home message

m Unsupervised model selection is significant for real-world deployment
of UDA methods yet overlooked by mainstream studies.

m We propose a novel and simple target-only validation method MixVal,
which uses two types of mixed target samples to directly probe the
target structure, considering both neighborhood consistency and
low-density separation.

m Our comprehensive experiments highlight MixVal's exceptional
stability and superior performance in UDA model selection compared
to existing baselines.
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m Code is available at https://github.com/LHXXHB/MixVal.

m If you require any further information, feel free to contact me.

Email: Thxxhb15@gmail.com
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