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Abstract

Self-training often falls short under distribution shifts due to an increased discrep-
ancy between prediction confidence and actual accuracy. This typically necessitates
computationally demanding methods such as neighborhood or ensemble-based la-
bel corrections. Drawing inspiration from insights on early learning regularization,
we develop a principled method to improve self-training under distribution shifts
based on temporal consistency. Specifically, we build an uncertainty-aware tem-
poral ensemble with a simple relative thresholding. Then, this ensemble smooths
noisy pseudo labels to promote selective temporal consistency. We show that our
temporal ensemble is asymptotically correct and our label smoothing technique
can reduce the optimality gap of self-training. Our extensive experiments vali-
date that our approach consistently improves self-training performances by 8% to
16% across diverse distribution shift scenarios without a computational overhead.
Besides, our method exhibits attractive properties, such as improved calibration
performance and robustness to different hyperparameter choices.

1 Introduction

In this work, we address the challenge of adapting pre-trained neural networks at test time under
distribution shifts, a problem known as test-time adaptation (TTA) or source-free domain adaptation
(SFDA). Distribution shifts—where a model trained on one distribution is then tested on a different
one—are ubiquitous in many practical scenarios due to demographic subpopulation shift [1] and
changes in data collection environments [2-4]]. Despite the robust performance of neural networks
under independent and identically distributed (i.i.d.) settings, they often suffer from substantial perfor-
mance degradation under such shifts [5,[6]. Recently, TTA and SFDA have proven their effectiveness
in resolving these critical issues by effectively leveraging information about the distribution shifts
contained in unlabeled samples given at the test time.

Self-training is the basis of many state-of-the-art methods in TTA and SFDA [7H9], utilizing pseudo
labels generated from the model’s own predictions to train a model on unlabeled samples [10]]. Since
pseudo labels are regarded as true labels in self-training, the success of self-training methods highly
depends on how to filter incorrect pseudo labels to prevent self-confirmation bias [[11]. This issue
has been effectively handled via simple confidence-based thresholding in i.i.d. settings [12-14].
However, the distribution shifts make it hard to filter incorrect pseudo labels due to high noise rates
even under high threshold [[15]]. Thus, sophisticated methods filter incorrect pseudo labels based on a
neighborhood structure of the data [[16H18]] and consistency of multiple predictions under different
models [19] or augmentations [20](cf. Section[3])), which are computationally intensive by nature.

Recent insights in [8] suggest an alternative strategy can be also effective: promoting temporal
consistency can enhance self-training performance in SFDA without the computational burden of
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previous methods. The temporal consistency regularizer, so called early learning regularization (ELR)
[21]], was originally developed to address neural networks’ tendency to learn clean information first
and then gradually memorize noisy labels [22} 23]]; this setting is naturally connected to self-training
scenarios when we regard the pseudo labels as random noisy labels. However, the impacts of ELR on
self-training have not been fully understood. Also, since ELR does not consider unique characteristics
of distribution shifts, we aim to answer the following question: Is there any principled way to improve
the way of memorizing all past predictions tailored for self-training under distribution shifts?

In this work, we show that the answer is affirmative by proposing Anchored Confidence (AnCon) that
uses confident predictions to support a generalized notion of temporal consistency. Specifically, we
construct a generalized temporal ensemble, which weighs predictions based on predictive uncertainty,
and then use the ensemble as a smoothing vector in label smoothing [24]. Then, through rigorous
theoretical analyses, we show that our simple heuristic for the generalized temporal ensemble is
asymptotically correct and that the label smoothing formulation can reduce the optimality gap. As
aresult, AnCon can correct wrong pseudo labels without expensive computations and can be easily
applied to self-training methods by replacing one-hot pseudo labels with smooth pseudo labels, unlike
neighborhood-based or centroid methods. Through extensive experiments, we show that AnCon
improves self-training under diverse distribution shift scenarios and posses many attractive properties.

Our contribution can be summarized as follows: 1) We develop AnCon, which is the first algorithm
that attempts to improve self-training under distribution shifts by generalizing a notion of temporal
consistency with theoretical guarantees; 2) Without any additional forward passes or neighborhood
search, AnCon improves self-training performances 8% and 16% under domain shifts and image
corruptions, respectively; 3) Remarkably, we also show that AnCon significantly improves calibration
performance and is robust with respect to model selection methods and hyperparameter choices.

2 Background

Notation and setup For an input space X C R? and a label space ) = [K] := {1,2,--- , K}, we de-
fine X and Y to be random variables of input and output with probability densities px and py, respec-
tively. We also define a neural network f(-;0) : X — AK~1 parameterized by a parameter 6 € R?
where AK~1 is the probability simplex with K elements. Our goal is to minimize the cross-entropy
loss mingere 1(0) := Exy [H(f(X;0),py|x)] where H(f(2;0),py|x=2) = — D pe P(Y =
k|z)log fi(z;0). In the SFDA setting, we are given an initial parameter 6 that is trained on a
different data generating distribution (X', Y”), e.g., 6o € argmingcg, Ex/y/[H(f(X';0),py 1 x/)].
We can think about this setting as either (1) (X’,Y”) being pre-training data and 6 the foundation
model with the task of fine-tuning the model on unlabeled X or (2) a transfer learning problem with
(X’,Y”) being the source domain data and X the target domain. Here, we assume only covariate
shift without concept shift; that is, px #” px- but py|x =" py/|x.. Even in this case, we note that
suboptimality under the distribution shift, i.e., minger» {(6) — [(6p), can be large.

Self-training In this work, we tackle the distribution shifts by using the self-training method that re-
places the true label Y () by the pseudo label, i.e., ming,,.,, {(fnew; 0) = Ex[—10g fy,.g) (€5 Onew)]

where Y (z;0) := arg max,ex fi(;0) is a pseudo label under 6. Specifically, the algorithmic
framework of self-training is as follows: given 6, we iteratively find model parameter 6,,1 for

m = 0,1,--- with 0,11 € argmin,_ {(0new; O ). For later use, we also define a prediction
confidence c(x; 0) := maxye(x] fr(x;0) and Op.p, 1= (0o, - - - , On).

Early learning regularization In the learning from noisy labels (LFN) scenario, [21]] identified an
"early-learning phenomenon" where neural networks initially learn information contained in clean
labels before gradually memorizing noisy labels, leading to a performance deterioration as training
progresses. To mitigate this issue, ELR penalizes predictions that deviate from earlier predictions by
defining a target network from the past predictions: frrr(z;00.m) := Z;.":O(l — ) ™I f(x36;).
Then, adding an auxiliary loss of Lrrr(0;600.m) = Ex[log(1 — f(X;0)T ferr(X;00.m))] to

1(0;0,,) can prevent memorization of noisy labels while preserving correct patterns.

Notably, this insight has recently been confirmed to be applicable in the SFDA setting by [8]]. This
observation is appealing because ELR can be efficiently implemented by reusing past predictions
without additional forward passes or neighborhood searching, unlike dominant methods in SFDA



[16420]. Nevertheless, given that ELR stems from a general property of the neural network training
in the i.i.d. setting, herein we aim to step towards a more principled approach to encourage temporal
consistency tailored for distribution shift scenarios.

3 Anchored confidence

In this section, we introduce AnCon, which promotes the temporal consistency on selectively chosen
predictions via label smoothing. In Section we first explain the idea of promoting selective
temporal consistency based on confident predictions via label smoothing [24] with a temporal
ensemble. Then, in Section [3.2] we explain how to effectively construct temporal ensemble for
improving self-training under distribution shifts. Finally, we theoretically analyze the efficacy of
AnCon by drawing connection between our method and knowledge distillation in Section [3.3]

3.1 Selective temporal consistency via label smoothing

In this work, we utilize label smoothing [24] to promote the selective temporal consistency instead
of using an auxiliary loss function like ELR. Specifically, given a generalized temporal ensemble
F (3 00.m, Wo.rm ) With Wo., := (w0, - - - , Wy, ) which will be specified in Section we construct
a regularized pseudo label ?(X; 00:m, Wo:m ) by using f(a:, 00:m, Wo.m ) as a smoothing vector for
the pseudo label Y (; ,, ). That is, we perform self-training by

Hgn Ex [H(f(X7 9), Y(Xa 00:m, WO:m))]a Y/(X, 00:m, WO:m) = (1_/\)E1 (Y(l‘, 07n))+Af(xa 00:m., WO:m)

~ _ ENCY
where A\ € [0, 1] is a coefficient, F (-) is the one-hot encoding, and f(x) := (f1(z),--- , fx(x)) is
the K -dimensional output of the generalized temporal ensemble (cf. (2)).

Thus, AnCon can control the usage of potentially noisy information in Y(x, 0., ) based on its consis-
tency with f(x; 0o.;m, Wo.m ). Not only can this approach preserve the early learning phenomenon
as in ELR (cf. Section[2)), but the label smoothing formulation also significantly stabilizes the self-
training performance under different hyperparameter choices due to the fact that the optimal values of
hyperparameters are less problem dependent compared to its equivalent auxiliary regularization [235].
Beyond removing the burden of hyperparameter search, this robustness is a particularly intriguing
property under distribution shift scenarios where the model selection becomes a challenging task.

Further, encouraging the temporal consistency through label smoothing enables us to connect our
method with knowledge distillation (KD) [26], which can provide a wide range of principled tech-
niques and theoretical results developed in KD. As a concrete example, we will show when and how
AnCon can reduce the optimality gap of self-training, i.e., a case with A\ = 0, in Section[3.3]

3.2 Constructing an effective generalized temporal ensemble with prediction confidences

Next, we construct the generalized temporal ensemble that makes the selective temporal consistency
in (1)) work effectively in self-training under distribution shifts. Specifically, given 6y.,,, and weights
wo.m(x) € A™ for each x € X, the prediction by the generalized temporal ensemble is

m

fk(l‘; 90:m7W0:m) = sz(l’) ~p(y = k’|$, 92‘), ke [K] 2)
1=0

where p(y|x,0;) is the prediction made by f(z;6;), which can be either soft (p(y = jlz,0;) =
fi(x;6;)) or hard (p(y = jlz,0;) = 1if j = argmax¢ gk fe(z;0;) and p(y = jlz,0;) = 0
otherwise). In this work, we use hard prediction because soft prediction puts more weights on recent
predictions since self-training tends to keep increasing the prediction confidence during training.

Surprisingly, we will show that the following simple relative thresholding for determining wy.,,, gives
the asymptotic optimal weights achieving the minimum worst-case optimality gap of self-training:

Wy () o< L(c(x;0m) > 60, 60 .= iu — B)B™ Ex[e(X; 6)] 3)
=0

where 65,? )is an exponential moving average (EMA) of prediction confidence with hyperparameter 3
and E[¢(X; 6;)] is a Monte-Carlo approximation of E[c(X; 6;)] with mini-batch samples.



Intuitively, our weighting mechanism aggregates only relatively confident predictions with a uniform
weight. Given the observation that relative ordering of confidence is highly correlated with accuracy
even under distribution shifts [27} 28], our thresholding rule would tend to put non-zero weights on
correct predictions. Besides, by employing the relative criterion, the thresholding does not suffer
from the problems that neglect predictions obtained in the early stage of training.

We also remark that AnCon has almost the same computational cost as ELR. Specifically, () can be
implemented by fi(x; 00.m, Wo.m) = fr(2;00:m—1, Wo:m—1) + wm (z)p(y = k|, 0,,) that requires
to store the weighted sum of previous predictions without additional forward passes or storing
previous parameters, which is the same as storing the previous logit vector in ELR. Similarly, (3 can
be efficiently implemented by 58 = 651(511 +(1—B)Ex[e(X; 6,,)] that requires constant additional
computational costs compared to vanilla self-training with the constant being small. Therefore, AnCon
shares the same computational benefits as ELR compared to other state-of-the-art methods in SFDA.

On optimality of the relative thresholding in (3) From the optimization perspective, the optimal
weights Wg):m correspond to the weights under which self-training with Y (X; 0¢.,,, Wo.,m) can

minimize the expected loss:
wi. € argminl(ﬁivo_m), o1 oom € argmin Ex [H(f(X;0),Y (X;00m, Wom))]- (4
: : ;

W
Wo:m

Unfortunately, [ (G:f,vo:m), or its empirical counterpart, is not available in self-training due to the
absence of labels. Further, even if labels are given, solving (El]) is intractable due to non-smoothness
of (6], ) with respect to Wo.,,, and the cost of finding 6], .

m

To circumvent this issue, we show in Section[3.3]that () can be relaxed to the problem of finding
ensemble weights that give a maximum likelihood estimation (MLE) solution under certain conditions.
As a result, instead of solving the intractable optimization in (), we find the optimal weights by

(T):m € argmax Exy [log fy (X; 00.m, Wo.m)]- 5)

Wo:m

w

In the following theorem which is proven in Appendix we show that the simple relative
thresholding in (3)) can make f(x; 6o.,n, Wo. ) asymptotically correct for samples where the neural
network tends to be relatively confident during self-training and thus our simple weighting mechanism
in (3) to be the solution of (5) in the asymptotic region.

Theorem 3.1. Let A;(c) := {z € X|c(z;0;) > ¢}, Q(z;com) = Yirgllz € Ai()),
and p(x;co.m) = ngo Ey|x=z[1(Y(z) = Y (2;0.)]1(x € Ai(c;)) for x such that

Q(x; Co.m) >0. Let us assume that random events 1(Y (x) = Y (;6;)) and 1(Y (z) = Y (z;6;))
are conditionally independent given X € A;(c) forj €{0,--- ,i—1}, z € X, c€[0,1). Ifxr e X
such that p(x; co.m) > 1/2, then for the generalized temporal ensemble in (3), it holds that

plarg max fi(; 00.m, Woim) # Y (z)) < exp (—M - &(p(; CO:m))) (6)
ke[K]

where £(2) := 2z — 1 — log(22) is a positive increasing function in z € [0.5, 1].

The result states that as long as the average accuracy for relatively confident predictions over iter-
ations exceeds 50%, the error rate of the generalized temporal ensemble monotonically decreases
as Q(x; co.,m ) increases. Furthermore, f(x;60p.,m, Wo..,) is asymptotically correct on z such that
Q(z;co.m) — 00 as m — oo. AnCon aims to achieve these desirable properties through the
uncertainty-aware temporal consistency that helps to satisfy the condition p(z; ¢g.,,) > 0.5. Specifi-
cally, as shown in Figure fa]in Appendix, our generalized temporal ensemble’s accuracy tends to
significantly increase as the number of confident samples increases, being consistent with our theory.
We note that this monotonic improvement would not be the case for the temporal ensemble without
uncertainty-awareness and vanilla self-training (cf. Figure [{a)).

Finally, we emphasize that the assumption p(x; co..,) > 0.5 applies only to relatively confident
predictions which are averaged over iterations. This is significantly weaker than requiring a lower
bound of an expected accuracy of each sample for every iteration, which is the case when LFN
methods are directly applied to the self-training scenario. Also, due to its dependency on the choice
of the confidence thresholds cg.,,, the assumption can hold by controlling cy.,, at the expense



of loosening the upper bound in (6) (e.g., selecting 90th-quantile as in Figure b]in Appendix).
Specifically, increasing the thresholds can improve &(p(x; co.,,)) and enhance the chance of satisfying
P(x; €o.m) > 1/2 but reducing Q(z; €o.m ). While this trade-off necessitates a proper choice of Co.q,
our extensive experiments show that setting the threshold c¢,,, by the EMA of prediction confidence,

i.e., 67(,63 ) in li works effectively.

3.3 Theoretical insights from knowledge distillation

In this section, we present a novel connection between AnCon and KD for addressing intractability of
@]). KD is a framework for training a small student network f, e.g., ResNet-50 [29], with an additional
supervision from a large teacher network f(*), e.g., ResNet-152. Specifically, a cross-entropy under
KD is lxp(0) = Exy [H(f(X;0), (1 = Axp)E1(Y (X)) + AxpfO(X))] with Agp € [0,1],
which bears a significant similarity with AnCon (cf. (I))). Indeed, AnCon can be understood as a
special case of KD called self-distillation when f and f(*) have the same architecture, where the
generalized temporal ensemble f corresponds to the teacher network f(*) with a notable difference
that the pseudo label Y is used instead of the true label Y. Based on this connection, we perform
a convergence analysis of AnCon by modifying the partial variance reduction theory [30], as given
below. We note that the usage of Y and f results in an inherently biased gradient estimator, which
requires special treatments for the convergence analysis unlike the typical self-distillation setting.

Setup Following [30], we assume a linear model fy,(x;0) = exp(6]x)/ 3, ¢ x exp(0] ) with
O; € R fori € [K], § := Concat(01,---,0x) € R, and Concat(-) is the concatenation
operation. Also, we assume a bounded support for X; that is, || z ||< C for all © where px (x) > 0.
Under this setting, we repeat the following steps starting from a given 6y (i.e., m = 0):
1. Outer temporal ensemble update: Update wy.,, by (3) to obtain f (23 00.m, Wo.m) (cf. ).
2. Inner parameter update: With 6,, o := 6y, and (0p.;m, Wo:m), solve with stochastic

gradient descent 0, 141 = Op t — wgém’t) fort € {0,1,---, T — 1} and set 0,41 = Oy 7.

3. Iteration number update: Set m = m + 1 and terminate if m = T.

Here, v is the learning rate, £ contains b random samples from px, and the stochastic gradi-
ent under AnCon is defined as g(m’t) = ngﬁt% ineg H(f(Xi;Gmyt),f/(Xi;Ho:m,woﬂn)).

13
For the linear model, we note that gém’t) = VZ}(Gm,t) — AGe(00:m, Woim)
where  le(Oms) = 3 xce H(F(Xii0ms),Y(Xi:0m)) and  ge(Ooim, Woem) 1=
Concat(gl,g (QO:m, WO:m)a e 7QK,£ (90:m; WO:m)) with gk,{ (90:m7 WO:m) =

33« cel (Fe(Xi: 00, Woum) — Yie( X5 0,)) X5] for k € [K].

In Theorem [3.2] which is proven in Appendix [B.3] we analyze the convergence of the inner parameter
update step under AnCon and vanilla self-training.

Theorem 3.2. Let us assume 1(0) satisfies L-smoothness, L-expected smoothness, and i-Polyak-
Lojasiewicz (PL) condition (cf. Assumptions and in Appendix . Forvy < ;f7, a

Ee[(Vie(0%).d2 (B0:m Worm . ) )
carefully chosen \ (cf. A = \f, = EgHgf(gigi,wim))\lgi(%:I\é‘();(;,,n?i],oim)ﬂz in Lemma@ln Appendix

[B.3), and any realization of 0., it holds that

E[l(01) ~ 1007)|0] < (1= 70) (U0) — U6+ 3C20%(0)  + 2N (M O Woure)

Optimality gap Improvement over the initial model Bias of the pseudo label Neighborhood size

(N
where I* = 1(0*) with §* € argming.gl(d), ¢5(0) = EL(Y(X;0) # Y(X))

N()\;QO:maWO:m) = A\ ” g(oo:m;WO:m) ||2 +%E£ {” VZNE(H*) - )\gg(HO:WMWO:m) ||2} and
N()\im 90:m> WO:m) < N(O) where N(O) = N(O, HO:m7 WO:m)for any (90:m7 WO:m)-

Further, when wy.,, is such that Eg[(Vl}(H*), Ge (00:ms Wo.m))] > 0, i.e., the teacher has a suffi-
ciently good performance, it holds that

N(AT100:m ,Wo:m) < min (1 2 min (1 CZQKL(90:m7W0:m)) + 20290(9o;m7wo;m)> ®)

N(O) 0*0(90:m>“’0:m) L’yo-?eo:m’WO:m)



where o2 = E¢ || Vl}(@*) % 0(2901m,wo:m) = E¢ || Ge(00:m>Woim) |2 95 (00:m, Woim) =
Ex[Drr(f(X;0%) || f(X;00.m, Wo.m))] with D1, (p || ) is the KL-divergence between p and q,
and gC(QO:m; WO:m) :” Ex [f(X’ 00:m, WO:m)] -Ex [Y(Xa am)} ||2

In Theorem [3.2] characterizes the optimality gap in the inner loop optimization. Specifically,
the first term is about reducing the initial optimality gap over iterations and motivates why we need
adaptation, e.g., by self-training, if the performance deteriorates under severe distribution shifts. The
second term is about the bias of the pseudo label and motivates the challenges of self-training under
poorly performing pseudo labels in the case of severe distribution shifts. Crucially, these two terms
can be fully characterized by the quality of initial model 6,,, and do not depend on wy.,,. Thus, we
concentrate on the impacts of wy.,, designed in — on N ()\:fn; 00:1m, Wo.m ) to show that AnCon’s
effectiveness on improving self-training performance under distribution shifts.

First, Theorem 3.2] shows the effectiveness of our label smoothing formulation in (T)) under properly
chosen ! . Specifically, compared to vanilla self-training, AnCon results in the smaller neighborhood
size of the stochastic gradient descent; N (A ; 00.,, Wo.m) < N(0). That is, the result suggests that
AnCon is at least better than vanilla self-training under the mild regularity conditions.

Further, under the additional assumption of a sufficiently good performance temporal ensemble,
(8) motivates AnCon’s weighting mechanism as a relaxed solution of the intractable optimization
problem in (). Specifically, if the marginal distribution of the pseudo labels does not change quickly
over outer iterations (which is the case especially for the later training stages as shown in Figure
in Appendix), changing wy.,,, would have only a marginal impact on g (6y.,,,, Wo.,, ). Thus, the
weighting mechanism that minimizes g%~ (6g.,,, Wo.,,) would minimize the worst-case optimality
gap, which justifies our approach of circumventing intractability of (@) with (3). In this regard,
AnCon’s weighting mechanism in (3) could be thought of as a relaxed solution of () as it minimizes
95 (09.m, Wo.m) in the asymptotic region (cf. Theorem |3.1).

We conclude this section by analyzing the three iterative steps where the pseudo labels and the
temporal ensembles keep updating.

Corollary 3.2.1. Let us assume [(0) satisfies L-smoothness, L-expected smoothness, and p-PL
condition. Fory < yf, A carefully adjusted at each outer temporal ensemble update (cf. X = /\; in
Lemma m or each outer iteration j € {0, - - - ,T — 1}), and any initial parameter 0y, it holds that

E[1(07) = 1) < (1= )" T=0(U00) = 1) + GE, Ly [B 65 (0;) + 2N (AL 00,5, woiy)] (9)
where p(IM) = j) o (1 — py)T-T=1=9) for j € {0,--- , T — 1} and (= Z?:_Ol(l — )T

Corollary [3.2.1]is proved in Appendix [B.4]and gives a whole picture of the optimality gap under
AnCon. We first remark the trade-off associated with 7" on the suboptimality E[[(6;) — [*], which
characterize the early-learning phenomenon observed in the biased gradient settings (e.g., self-training

[31]] and LEN [32])). Specifically, in @), increasing 7' reduces the first term (1 —,wy)T'(TA*l) (1(6p)—1)
but increases the coefficient of the second term (. Therefore, a longer training with a large T may
not enhance the self-training performance especially under a large second term due to inaccurate

pseudo labels or the temporal ensemble.

Nevertheless, for each outer loop iteration, g€ (6;) would be smaller under AnCon than its value under
vanilla self-training as E[[(¢;) — [*] has a tighter upper bound under AnCon due to Theorem

Therefore, with the guarantee N ()\;f; 6o:5, Wo:;) < N(0), AnCon would achieve a tighter upper bound
of (9) than the vanilla self-training' method, enabling longer training with smaller value of the second
term as observed in Figure[Tb] Finally, we remark that this theoretical superiority of AnCon can be
extended to the self-training methods with other weighting mechanisms in the asymptotic region

when ]EEKVZE(Q*)a Ge (80:m, Woum))] > 0 (cf. Theorem_

4 Experiments

Goal and baselines Part of the experiments shows that AnCon surpasses the vanilla self-training
method that uses Y (x; ) as a pseudo label, which serves as a strong baseline, under different types



Table 1: SFDA benchmark results. The numbers indicate the mean test accuracy across three
repetitions. We present half of the domain pairs for Office-31 and OfficeHome in the main body and
the rest of the pairs are presented in Appendix (cf. Tables 3| 4] and [6).

Office-31 OfficeHome VisDa
Method A2D  A2W  D2A  Avg(all) || Ar2Rw Ar2Pr Ar2ClI Rw2Ar Rw2Pr Rw2Cl Avg (all) || VisDa
Self-Training 79.32 80.88 62.07 80.47 75.19  69.20 43.07 66.13 78.10  46.64 61.55 67.77
+ELR (A = A p) | 79.02 81.19 63.70 80.84 7597 7047 45.80 67.00  78.64 50.01 63.03 71.89
+ AnCon 82.23 7994 63.99 81.37 76.13 70.56 48.06 67.57 7927 51.89 63.91 71.11

GCE 86.85 86.16 64.63 83.16 74.65 69.69 43.46 68.87 7925  49.18 63.00 || 65.20
+ELR (A = A} ) | 86.85 86.54 64.80 83.20 7489 71.62 4345 69.63 7998  49.68 63.77 66.90
+ AnCon 86.75 87.11 65.78 83.50 7647 71.80 44.83 70.21 8015 51.74 64.81 68.40

NRC 92.67 88.11 72.83 87.42 73.86  75.04 47.90 61.15  76.59  51.75 63.92 || 74.30
+ELR (A = A p) | 92.77 8792 7277 87.46 76.82  76.01 52.19 66.01  80.40  55.69 66.89 82.80
+ AnCon 94.28 9145 7449 89.07 79.64 77.11 53.56 69.47  80.04  57.30 67.96 || 83.70

of distribution shifts (Sections [4.TH4.2)). We also show that AnCon achieves a better performance
than ELR with A}, » € {1,3,7,12,25}, which is the coefficient multiplied to the auxiliary loss, to
show effectiveness of uncertainty aware temporal ensemble. Finally, we assess the integration of
AnCon with generalized cross-entropy (GCE) [33}131] and neighborhood reciprocity clustering (NRC)
[[L7]], which are frequently cited as state-of-the-art methods [20} |34} [31]. We note that AnCon can
be seamlessly applied to GCE and NRC by replacing one-hot pseudo labels by AnCon’s regularized
pseudo labels Y(X ;00.m, Wo.m ). For descriptions of the training configurations which we adopt
from literature, see Appendix

Evaluation In our self-training settings (SFDA and TTA), we should determine the best checkpoint
without labeled samples, i.e. to select a model 6y, 61, -- ,0; which is used for evaluation on
test. We use information maximization [33]], IM () = Hg(Ex[f(X;0)]) — Ex[Hg(f(X;6))]
when Hp is the entropy, which is proven to be effective in unsupervised domain adaptation (UDA)
model selection literature [36| [37]. Specifically, we evaluate 1M (6,,) on the hold-out unlabeled
samples at the end of each epoch m for I number of training epochs and select the checkpoint with
0" € argmax,, ¢y [ M (0y,,) as the best one. This 6* is used for final evaluation on the test data.

Implementation details of AnCon For each (outer) iteration m, we set w; (z) = 1(c(x;0;) > ¢ J(-B ))

. . 1(c(w;9ﬂ>§§ﬁ))
for j € {0,--- ,m}, instead of w;(z) = S 1 (e(ri0) 550
thought of as the latter with instance-dependent coefficient A - Q(x; ¢,y ), which assigns more weight
on the generalized temporal ensemble for x with large Q(x; co.,,,). In addition, we consider the online
update scenario of pseudo labels, i.e., T' = 1. Finally, given the challenging nature of hyperparameter
selection in self-training under distribution shifts, we perform all experiments by using a single
configuration of hyperparameters of AnCon (A = 0.3 and 5 = 0.9). These hyperparameters result in
the maximum value of max 1 /M (0,) on the hold-out unlabeled samples on Office-31.

. Note that the former with A can be

me[T

4.1 Self-training under domain shifts

We first consider SFDA that adapts a model trained in one domain by performing self-training in the
distribution shifted domain. For the network architecture, we use the modified ResNet used in [16]],
which includes batch normalization [38]] after the bottleneck layer and weight normalization [39] in
the last linear layer, which is used in [[17, |8] for stabilizing the learning process in SFDA.

Datasets We evaluate AnCon on the following datasets: Office-31 [40] with 4,000 images of 31
categories from three domains (amazon, dslr, webcam); OfficeHome [41] with 15,000 images of 65
categories from four domains (art, clipart, product, real-world); VisDa [42] with 280,000 images of
31 categories from two domains (synthetic, real).

Results AnCon consistently improves self-training in diverse domain pairs across the three datasets
(Table [T). Specifically, it reduces the average self-training test error by 5% in Office-31, 6% in
OfficeHome, and 13% in VisDa. In addition, compared to ELR with its dataset-dependent optimal
hyperparameter value, AnCon shows comparable performance to ELR (2%, 3%, and -3% perfor-
mance differences in Office-31, OfficeHome, and VisDa, respectively). Despite its slightly inferior
performance in VisDa, we note that AnCon achieves significantly better accuracy for low-performing
classes: for “Skateboard” and “Truck’ classes, AnCon achieves 50% and 16% of accuracies, while
ELR achieves 39% and 0.43% in these classes. Thus, AnCon can be as effective as ELR for improving
the self-training performances under distribution shifts without needing to adjust hyperparameter
values for each dataset unlike ELR.
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Notably, AnCon significantly improves performances of both GCE and NRC via fundamentally
different mechanisms for handling noisy pseudo labels (e.g., reducing test accuracy of 3% and 8%
on average in OfficeHome, respectively). Specifically, NRC filters incorrect predictions based on
local consistency, while AnCon uses temporal consistency. Combining NRC and AnCon leverages
pseudo labels that are both locally and temporally consistent, resulting in significant performance
improvements over NRC or Self-Training + AnCon (cf. Table[T). In addition, GCE reduces the impact
of wrong pseudo labels rather than finding them. Applying GCE to AnCon minimizes the effects of
potentially wrong but temporally consistent pseudo labels, which can be implied by the performance
of GCE + AnCon compared to GCE or Self-Training + AnCon (cf. Table[I). Thus, the impressive
performance gains from AnCon, which would be orthogonal to the gains from state-of-the-art methods
in SFDA, show its significant practical implications.

4.2 Self-training under synthetic corruption operations

While we have considered the domain shift, e.g., adaptation of a model trained on synthetic images to
real images, in Section 1] this section examines the self-training’s ability to adapt to distribution
shifts by synthetic image corruptions. This setting has been used to measure the robustness of neural
networks with respect to a general out-of-distribution setting. To this end, we consider ImageNet-C
[6]], which consists of 50,000 images drawn from a validation set of ImageNet [43]] where each image
is corrupted by 15 types of synthetic corruptions related to noise, blur, weather and digital.

Result Consistent with the findings under the domain shift, AnCon outperforms the average perfor-
mances of self-training and ELR under varying levels of corruption intensities (cf. Figure [Ta]and
Tables[7{IT]in Appendix), improving the self-training method’s accuracy by 16% on average. Further,
the gains from AnCon is significant when the distribution shifts are intense (e.g., improving accuracies
by 20% and 52% on average in intensities of 4 and 5) where the initial model trained on the source
domain significantly deteriorates. Specifically, for Shot, Impulse, and Gaussian corruptions with
the most extreme shift intensity of 5, where the initial model achieves accuracies of (3.04%, 1.76%,
2.12%), AnCon achieves (22.56%, 26.56%, 25.85%) (cf. Table 11). This striking improvement com-
pared to vanilla self-training with performances (0.26%, 1.72%, 1.04%) and ELR with performances
(8.00%, 14.12%, 16.00%), underscores the importance of the AnCon’s uncertainty-aware temporal
consistency scheme, as shown in Corollary [3.2.1} We note that this impressive result is also explained
by AnCon’s ability to prevent the gradual performance degradation during the course of training with
the extremely noisy pseudo labels (cf. Figure[Tb). Combined with previous results in domain shift
scenarios, we expect that AnCon would work effectively in various out-of-distribution settings.

4.3 Versatility of AnCon

In previous sections, we have shown the universality of AnCon by evaluating it on diverse distribution
shift scenarios. In this section, we show versatility of AnCon by analyzing its attractive properties in
robustness and uncertainty representation.

4.3.1 Robustness to model selection

There is no universally agreed model selection criterion, such as cross-validation in the i.i.d. setting,
in self-training under distribution shifts. This is partly due to the variety of distribution shift scenarios,
where an effective criterion in one may be ineffective or inapplicable in another; for instance, a



principled criteria called importance-weighted cross validation [44] in UDA cannot be applied
to SFDA. In this regard, it would be an important characteristic of a self-training method under
distribution shift to be robust with respect to different choices of model selection criteria. Therefore,
we evaluate robustness with respect to the following different model selection criteria: InfoMax [35]],

Corr-C [36], and Ent [43] (see Appendix [D.3|for the description).

Figure |Ic| shows that AnCon’s maximum performance change
due to different model selection methods is much lower than
that of other methods, especially under severe distribution shifts.
This valuable advantage can be contributed to the property of
AnCon that can prevent performance degeneration (cf. Figure [Tb).
Given that, in practice, we barely know when the model collapse
happens and which model selection criteria are the best, the results
highlight a significant practical value of AnCon.

4.3.2 Robustness to the choice of hyperparameters

Throughout this paper, we have shown that our single config-
uration of parameters (A = 0.3, = 0.9) work well across a
wide range of benchmark problems. In this section, we aim
to show our findings can be preserved when the hyperparam-
eter values deviate from the default setting by performing a
sensitivity analysis for values A € {0.1,0.3,0.5,0.7,0.9} and
B € {0.1,0.3,0.5,0.7,0.9}. We also test two frequently used
annealing schedules that A,,, = m/I and \,,, = min(1,2m/I),
called full and half, respectively. Figure[2]shows that AnCon is sta-
ble even under extreme values of hyperparameters. Specifically,
for both hyperparameters, the maximum average performance
change is less than 1%, and /3 barely impacts the performance
of AnCon. Indeed, our analysis suggests to increase A from our
default setting; that is, to put a higher weight on the general
temporal ensemble’s prediction. Here, we note that our subop-
timal choices of hyperparameters are due to our rigorous and
practical hyperparameter choice. Given the challenging nature
of hyperparameter optimization under distribution shifts, the sta-
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ble performances of AnCon under arbitrary choices of hyperparameters would enable AnCon to be

seamlessly applied to diverse practical settings.
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4.3.3 Improved calibration performance

We have shown that all self-training methods significantly
improve the performance of the baseline method after
the adaptation period. However, it is widely known that
these noticeable improvements come with the price of
sacrificing an uncertainty representation ability which is
critical in real-world decision-making scenarios [46, 147]].
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Specifically, the calibration performance, which is the gap
between the prediction confidence and accuracy, usually
monotonically increases as self-training keeps reducing the
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uncertainty for all predictions during the course of training.
In this regard, we analyze the calibration performance
with respect to the expected calibration error (ECE; see
Appendix for definition). Here, a lower ECE means a
lower gap between confidence and accuracy.

As shown in Figure [3a and Table [5]in Appendix, AnCon
gives much lower ECE compared to other methods. Con-
sidering ELR and GCE both have regularization effects,
we conjecture that this phenomenon is due to selective
regularization in AnCon that increases prediction confi-
dences of samples only if the past confident predictions
are consistent with the current prediction. Especially, in

(b)

Figure 3: (a) ECEs under five levels of
intensities in ImageNet-C; (b) Accuracy
and ECE changes during the course of
training in VisDa.



Figure [3b] which confirms the accuracy-calibration dilemma in VisDa, AnCon is shown to limit the
ECE increases during training compared to all other methods. That is, AnCon helps to significantly
reduce the price of the calibration performance we need to pay for improving accuracy, which are
both important measures in practice.

4.4 Algorithmic design choices
Recall that we define f(z; 0p.m, Wo.m ) = Z;’;O w;(z) - p(y|x, ;) with our simple design choices:

the relative thresholding for weighting scheme w; (z) o< 1(c(x; 6;) > §§ﬁ )) and hard prediction for
p(yl|x,0;). In Appendix we found that our simple design choices are more appropriate for the
distribution shift settings than several more sophisticated alternatives, which can be summarized as
follows.

* More sophisticated weighting schemes (e.g., Entropy (w;(z) o« exp{—Hg[f(z;0;)]})
reduce the self-training performance, despite being a more accurate measure of prediction
uncertainty. We conjecture that the poor calibration performance of the neural network in
self-training under distribution shifts prevents the sophisticated weighting schemes from
accurately reflecting the goodness of the prediction.

* Various soft prediction schemes, which can give more information about the non-leading
entry values, leads to performance reductions. We conjecture that the continuously increasing
confidence in the later stage of self-training would make soft prediction ignore early-stage
predictions which may be valuable to memorize.

5 Related work

Filtering incorrect pseudo labels Popular confidence-based thresholding methods [[13} |14, (9] fall
short under distribution shifts since even high confident predictions can be highly incorrect. Therefore,
recent advances in SFDA and TTA utilize higher order information to filter incorrect pseudo labels.
For instance, based on the intuition that true labels of adjacent samples would be same, centroids for
each predicted class can be maintained in the feature space and then the pseudo label for each input is
corrected by the adjacent centroid [16]. The idea of using per-class centroids has been extended to
incorporate more general clustering structures [[18, [17]]. However, the neighborhood structure-based
methods are computationally demanding due to storage of memory banks in the feature space and
nearest neighbors search. Such computational complexity persists in other approaches, which are
based on the consistency of multiple predictions from different augmentations [20] and models
trained with different loss functions [19]. Compared to these solutions, AnCon can efficiently estimate
correct labels with only limited extra memory overhead of storing past predictions.

Learning from noisy labels Treating pseudo labels as inherently noisy, techniques from the
LFEN literature have been integrated to self-training. For instance, the LFN literature has proposed
robust loss functions that reduce impacts of random noisy labels [48| 33], and a recent large-scale
experimental study shows the applicability of the generalized cross-entropy in the SFDA setting [31]].
The effectiveness of ELR on SFDA [8] bears a similar idea because ELR was developed to regularize
the neural networks’ tendencies to memorize incorrect labels [21]. Despite their effectiveness, by
nature, these approaches do not consider important characteristics of the unbounded and instance-
dependent noise rates inherent in self-training under distribution shifts, which results in significant
suboptimality in both theory and practice. However, by considering the unique characteristics of
self-training under distribution shift, AnCon relaxes the conditions required to achieve optimality as
well as boosts the self-training performance in diverse scenarios.

6 Conclusion

This paper introduces AnCon, which effectively improves self-training performances under diverse
distribution shift scenarios by promoting selective temporal consistency based on confident predic-
tions. As a result, AnCon effectively mitigates the detrimental effects of noisy pseudo labels without
much computational overhead, unlike the previous methods. We show that AnCon not only advances
our theoretical understanding of a generalized notion of temporal consistency in self-training but
also can be a practical asset as a simple and effective self-training method with attractive properties.
In Appendix [C.4] we present limitations and future directions, such as adaptive determination of A,
combining local and temporal consistency, and extending the selective temporal consistency in the
sequential decision making problems.
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A List of acronyms

TTA Test time adaptation

SFDA  Source-free domain adaptation

iid. independent and identically distributed
ELR Early learning regularization

LFN Learning from noisy labels

KD Knowledge distillation

EMA  Exponential moving average

GCE  Generalized cross-entropy

NRC  Neighborhood reciprocity clustering
PL Polyak-Lojasiewicz

B Proof of claims

B.1 Assumptions

Let us recall that () = Exy[H(f(X;0), py|x)] and l¢(0) = %ineg H(f(X:;0),py|x,) where
¢ contains b number of random samples from px. We also denote §* € arg mingp, [(¢). In this
work, we assume the following three regularity conditions on [(#) which is differentiable with respect
to 6, which are mild but essential for most theoretical studies with convergence analyses.

Assumption B.1 (L-smoothness). (-) is L-smooth for some constant L > 0; that is,
L
1(0") <U6)+(VIO),0 —0) + 3 |0 —0* V0ecRPand® € RP. (10)

Assumption B.2 (L-expected smoothness [30]). I(-) is L-smooth in expectation with respect to
& ~ D; that is,

Ecpll| Vie(0) — Vie(07) [*] < 2L(1(0) — 1(67))), VO € RP. (11

Assumption B.3 (u-Polyak-Lojasiewicz (PL) condition [49]). I(-) satisfies the p-PL condition for
some constant | > 0; that is,

I'V1(0) 17> 20(U(0) = 1(07)), VO € RP. (12)

We remark that Assumptions [B.I]and [B.2]can trivially hold under bounded parameter values that
can be guaranteed by optimizing neural networks with finite iterations under a gradient or weight
clipping. Assumption [B.3|holds for infinite-width neural networks, i.e., the neural tangent kernel
(NTK) regime [50]]. Given that the gradient descent training dynamics of neural networks can be well
approximated by NTK [51]], the PL condition can be generally regarded as a mild assumption.

B.2 Proof of Theorem 3.1]

Proof. For x such that Q(x; cg.,) > 0, let us consider subsequence of index [ such that z € A;(¢;);
that is, (j1,- - ,JQ(zico.,)) Where ji = min{l > ji_1|z € Ai(c;)} and jo = 0. Let Sq(zico.,) =

Z?:(f;co"") 1(Y (z) = Y(x;6;,)). Then, we have the following inequality

Q(; Co:m))

p <arg£nax f_k(x;GO:anO:m) # Y(SL’)) < p <SQ(x;c0:m) < D)

S exp <Q(gj7200m) : (213(937 CO:m) —-1- 10%(217(1% cOmL)))) (13)

where the first inequality holds because argmax;, fi.(z;00.m, Wo.m) = Y (z) if SO(zicom) >
Q(7; co.m)/2 and the second inequality holds due to Lemma given later in Appendix
with p; = p(Y (z) = Y (2;60:)), 0 = Q(x; €o:m), and ¢ = 1/2. O
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B.3 Proof of Theorem3.2]

Proof. By Lemma|[B.5] any realization of ,, satisfies

2
Ell(Bunr) — 16 6] < (1 — 7pa) ((Bun) — 1(67)) + %gfwm)

2 . L e .
+ 2 (001 800 won) 2 + 5B | VI6(0") = el I2]) 19
Then, from the definition N(X;80.m, Wo.m) = )2 I G(600:m Woum ) ||2

+ LB (|| VE(67) ~ Mde(Boam, Woum) [12], we get - To show N(AL: g, Woun) < N(0), w
apply Lemma [B.6|as

~ 2
N()‘Im 00:m» WO:m) —1_ (E§[<VZE (0*)a g{ (90:m7 WOm)>])
M) (Be 1| (Boum woum) 12+ 11 §(60om woum) [12) (B¢ || Vie@) [2)
(15)

To show , let us assume E¢[(VIe(6*), G (00:m, Wo:m))] > 0. Then, we get the following inequal-
ity:

_ E[(VIe(0°), Ge (Goim, Wom))] 6
(Ee || Vie(0*) [2)1/2 - (B || 9 (Boomr Woum) [2)1/2
_ B || VEe(6°) I +Ee || Ge(Bom. Woum) > —Ee || Vie(0") = Ge(Bom, Woum) |1
2(Ee || VIE(6) [2)2 - (Ee [ e (Bom, Woum) [2)1/2
* ~ 2
N (17 Ee | vzg(e1 ) = Ge(6om: worm) | _ 2) a8)
2(Ee || VIe(0°) )12 - (Ee || G Bom: Wom) )1/
R (17 C*Ex Dicr, (F(X;0°) || F(XBpim, Wom)) )
(Ee || VIe(6) [2)1/2 - (Ee || 9 (Boumr Woum) [[2)1/2

(a7

19)

where (18)) holds due to a® + b* > 2ab; holds due to the assumption || z [|< C, || - [l2<]| - |1,
and the Pinsker’s inequality applied as

S 1 o
Ee || VIe(0") = Ge(Bo:m, Woum) [°< C*Ee DI F(X56%) = F(Xi; 00m, Woun) |17
X; €€

1 o
< C2E55 Z || f(X’ue ) - f(Xi;QO:maWO:m) H%
X; €€

< 2C2EXDKL(f(X; 9*)a f_(X, 00:m,W0:m))~ (20)

Thus, we get our desired result by combining the following inequality with (T3):

N (Al By Wourn) (Eel(VI(6). 3 Bone woon))])

= 1 — —~
M) (Ec 1| (0. Woumn) 112 +25 | §(B0.ms W) 112) (Ee || Vie(6*) I?)
2
2 2
(E§[<VZ§ (0*)7 QE(QOma WOm)>]) 1
1 (22)

(Ee [| V@) )7 - (Be | 9o Won) P72 | 1+ 2 il

3 ”(15 (90:nL7W0:nL)H
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<1- <1_min <1 C?Ex Dier (£(X:07) || J(X:00:m Woum)) )) !
( )1/2 1+

; " N 9(00:1m,Wo.m )2
Ee | Vie(07) [2)72 - (Ee | de Gorrm worm) |12 2 JiGenonll

< omin [ 1 OQH‘%XDKL(JC(X§0*> | £(X;00:m, Wo:m)) 2 || §(80:m, Woim) |7
- " (Be || VI(0%) )2 - (B || Ge(O0ims Woun) [1)1/2 ) L7 Be || Ge(Ooims Woim) |12

(24)
2 *
< 2min< CTEx D (f(X507) || f(X Oo:m, Wo:m)) : 2) (25)
(Ee || VIe(6*) 12)2/2 - (Ee || Ge(O0im, Woum) [12)Y/
20 | Bx(F(X: B W]~ Ex [V (X0, 12 o6
L'Y Ef || 95(90:m7W0:m) ||2
where holds due to 1 — U=9% < 2 4 v [30). 0

B.4  Proof of Corollary 3.2.1]

Proof. For any realization of 6,,, form € {0,1,--- T — 1}, applying Theoremwith A=A
(cf. Lemma[B.6) gives

El(Bn41) — I10m] = Ell(rn,7) — 1'[61]

< (L )T (U(O) — 1) + 3 g

2
9% (0m) + ;N(AI,L; 00:ms Woim). (27)
Thus, by recursively applying to 6y, we get our desired result as

-1
A 8C*2 2
E[l(07)—1"] < (1—M7)T'(T Y (1(90 +Z (I—pv) T(T e ( [ 95(91)+MN(/\3§90:i,W0:1))-
i=0

(28)
O

B.5 Supporting lemmas

Lemma B4. Let A; ~ Bern(p;) with p; € [0,1] and S, = Zie[o] A;, where A; and A; are
independent for i # j. Then for any q < p := % Zie[o] Di, we have the tail probability bound

p(So<q-o)<exp(o<q—p—qlogz>>. (29)

Proof. For any t, the moment generating function of .S,, is given by

M(t) = Es, [exp(tS,)] = [] Ea, lexp(t4)] = exp | Y log(Ea, [exp(tA;)])

i€o] i€[o]

=exp | Y log(pi(exp(t) = 1)+ 1) | <exp [ Y pilexp(t) — 1) | = exp(op(exp(t) — 1))

i€ [o] i€[o]

(30)
where the first equality comes from the independence and the inequality is from logz < x — 1.

Then, for t < 0 and ¢ < p, the Chernoff bound [52]] gives
p(So < q-0) < M(t)exp(—t-q-o0) =exp(op(exp(t) —1) —t-q-o0). 31)

Finally, setting ¢ = log (¢/p) < 0 gives our desired result. O
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Lemma B.5 (Modification from [30]]). Let us assume that 1(0) satisfies the L-smoothness, the
L-expected smoothness, and the u-PL condition. Also, we assume a linear model fi(x;0) =

{exp(07 @) }i/ Xic iy lexp(07a)}s with 6 € RY*K " Then, for the stochastic gradient descent

9m,t+1 = Gm,t - ’Ygé(m’t) with gém,t) = VIAEXieg[H(f(Xi; em,t)7 ?(Xu GO:ma WO:m)]) gm,O = 97”1

and a constant learning rate -y < £+, any realization of 0,, satisfies
« t * 802 £
E[l(Om,t) = 1(07)[0m] < (1 —yp)" (U(6m) — 1(67)) + Y (Om)

1 . Tk N
o (22 190, W) P +IAE (|| VIe(0°) = MO, wormn) IP]) - G2)

Proof. For any realization of §,, ;, we have the following bound:

2
B 1B 11) — 10" O] < (10) — 10%)) — +(VLOr). o) + “ e[| 6 |7]

2
(33)
Ly? ~
= (UBm) = UO")) = VIO ), VIOm,t) = b™0) + e [[| Vie(Om) = AdeBoms Woum) ]
(34)
= (U(Om) = UO)) =7 | VU [P +7(TUOrn,0),6™0)
Ly? ~ . 2
+ TEﬁ |:|| vzﬁ(ent,t) - Agf(GO:maw():Tn) H i| (35)
< (1= Y (UBun) = 1(67)) = o (UB) = 167) + || 5 |
Ly? ~
+ 3B [| Vie(0m.e) = Ade(Boms o) |1 (36)
< (1= ) (UBme) = 1(07)) = 2= (Ubm) = U67)) + || 5 |
+ LyEe [|| Vie(0m.) = VIe(6) 1] + L1Ee ||| VIeO") = Age (Boms Wour) )] 3)
4LL
< =W =167 = 2 (19225 ) 1)~ 10) + 7 1570 |2
+ Ly?Ee || VIe(O") = Age(boum, wour) |1 (38)

< (1= ) UBma) = UE)) 7 | 67 2 +Ly?Be [|| VE(6) = Age(Bomms Woum) 2] 39)
< (1= ) ((Bme) — 16) + 27 | Vi(Om0) = VIOms) |

+ 27/\2 Il 9(00:m> Wo:m) ”2 +L72E£ [” VZNE(G*) = A (B0:m, Woim) ||2] (40)
< (U= ) (UOma) = 10%) +81C2 - ¢ (01n)
290 || 9B, Wourn) 17 +L9Ee || VIe(6") = AdeBorn, Wourn) |1 (41

where holds due to L-smoothness; holds due to gém’t) = Vig(Om,t)— bém’t) = VZg(Gm,t) -

A (00:m Wo:m); (36) holds due to (a,b) < L[| a[|> + || b |[?; (37) holds due to the inequality
lz+yl?<2| 2|®+2 “ y ||?; (38)) holds due to the expected smoothness assumption; holds
due to the condition v < 7 %3 li holds due to the law of total expectation with the random event

1(Y(X) = Y(X;0,,)) and then applying the bounded support assumption.
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By recursively applying the above bound to any realization of 6,,,, we get our desired result as follows:

2
El(Bns) — 107) 0] < (1 — )" (1(B) — 1(67)) + % g (0)

i 2 A 2 2 0% _ A 2
o (27190 woum) 17 +L57Ee [} VIe(6") = Ade(Boms woun) I )

8C? ¢

= (1= y)" (UOm) = 107)) + ——9" (Om)

+ i (202 1| 9(60ims woum) 12 +LEe [|| VE(0%) = Age (B wom) [2]) - 42)

O

Lemma B.6 (Lemma 1 in [30]). Let N(X\;00.m,Wo.m) = >\2~ I 9(B0ims Woum) |12
+ 5B (|| VIE6") = Age (Boumns Woun) |12]. Then, for My, = il Sl adeCpnnnl L

we have

N(A;rnv 00:m., WO:m) <E§ [<VZ~5 (9*)7 g& (90:m7 WO:m)>]) ’

= ]_—
N(O 5 2.2 |4 2 1.(0%) 112
0) Ee || 9 (0:ms Wourn) 12+ 1| §(60.m, woun) |12) (Ee || Vie(6%) |
(43)
C Additional results and discussions
C.1 Empirical evidence for Theorem 3.1]
1.0 1.0 1.0
—— Generalized temporal ensemble —— Generalized temporal ensemble

09 Temporal ensemble 0.9 Temporal ensemble 0.9

0.8 +- Pseudo label 0.8 +- Pseudo label 0.8

0.7 M/ 0.7 0.7 ///
> > >
E 0.6 E 0.6 E 0.6
Zos Zos Zos
< < <

0.4 0.4 0.4

—=— Mean (default)
03 /f 03 AWMJ 0.3 Pseudo label
0.2 0.2 :pa‘“‘www 02 —— Quantile 0.7
—— Quantile 0.9
0.1 0.1 0.1
0 20 40 60 80 100 0 20 40 60 80 100 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
The number of confident samples The number of confident samples The number of confident samples
(a) (b)

Figure 4: (a) The accuracy of the generalized temporal ensemble along with the number of confident
samples under different degrees of distribution shifts. Here, the temporal ensemble is constructed
by averaging all predictions over iterations. (b) On-average accuracies per the number of confident
samples over iterations under different thresholding rules.

C.2 Marginal distribution of pseudo labels over epochs
C.3 Algorithmic design choices

Here, we examine effectiveness of our design choices—the relative thresholding for weighting scheme
w;(x) and hard prediction for p(y|x, 8;). To this end, we replace our design choices with several
alternatives, keeping other features of AnCon the same. Then, we analyze the changes in the
performance compared to the default setting of AnCon in four domain pairs of OfficeHome.

Sophisticated weighting scheme for w;(x) We compare our relative thresholding with sophisti-
cated weighting schemes called Entropy (w;(z) x exp {—Hg[f(x;0;)]}) and Maxprob (w;(z)
maxye(k] fr(; 0;)). These weighting schemes aim to more precisely weight the predictions based on
the uncertainty of the prediction. However, in Figure[6a] the simple relative thresholding works better
than these sophisticated weighting schemes. We conjecture that the poor calibration performance of
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Figure 5: (a) Counting the number of pseudo labels for each class with 5,000 training samples in
ImageNet-C over 100 training epochs, which shows that the marginal distribution of pseudo labels
barely changes during training. (b) Changes in the total variation distance of the marginal distributions
of the pseudo labels for each two consecutive epochs.
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Figure 6: Ablation study of (a) weighting and (b) prediction schemes.

the neural network in self-training under distribution shifts prevents the estimated uncertainty of a
prediction from accurately reflecting the goodness of the prediction. Further, the ineffectiveness of
these sophisticated weighting schemes persists even when we improve the calibration performance
with last-layer Dirichlet [33]] and Monte-Carlo Dropout (see Appendix [D.3|for detail). Therefore,
our relative thresholding is simple yet effective in self-training under distribution shift.

Soft prediction for p(y|x,0;) We compare hard prediction vs soft prediction with a softmax tempera-
ture parameter 7' € {0.5,0.75,1.0,1.25,1.5} (cf. Appendix[D.3|for the definition). By design, soft
prediction is more informative, giving values in non-leading entries. However, in Figure [6b] soft
prediction turns out to underperform hard prediction for various values of 7. We conjecture that
the continuously increasing confidence in the later stage of self-training would make soft prediction
ignore early-stage predictions which may be valuable to memorize. Thus, we believe that hard
prediction would be more appropriate for AnCon.

C.4 Limitations and future directions

Albeit AnCon proving its effectiveness with a fixed value of A, Theorem [3.1] suggests that its optimal
value depends on the temporal ensemble performance. Thus, future works could aim for adaptively
determining A. In addition, we observe that all self-training based methods fall short without
sophisticated model designs tailored for distribution shifts [16)}, (cf. Appendix [E). In this regard,
it would be valuable to rigorously understand properties of function classes that enable successful
self-training under distribution shifts. Also, while AnCon significantly relaxes the conditions required
to achieve optimality compared to LFN techniques, the on-average correct prediction condition still
can be violated in challenging self-training scenarios. Given the compatibility of AnCon and NRC
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(cf. Table[T), efficiently combining local and temporal consistencies could be a step toward further
relaxing the optimality condition. Finally, we remark that the idea of selective temporal consistency
in sequential decision-making scenarios could be a notable future direction of research. Extending
AnCon to sequential decision-making scenarios presents significant challenges as they involve the
fundamentally different mechanisms. In sequential decision-making, leveraging observed rewards
and balancing exploitation and exploration are core aspects (e.g., constructing the upper confidence
bound of the reward in the bandit problem), unlike in self-training. Therefore, the main challenges
for applying AnCon to this setting would be defining rewards and incorporating exploration strategies
into pseudo label generation.

D Additional details

D.1 SFDA training configurations

Our training configuration is based on [16]. Specifically, we train ResNet-50 [29] as a source
classifier, which is used as an initial point for SFDA, for 50 epochs, with minibatch stochastic
gradient descent with Nesterov momentum by using the initial learning rate of 0.01, the momentum
parameter of 0.9, and the minibatch size of 64 in the Office Home dataset. The learning rate is
decayed by (1 + 10 - current iteration number / maximum number of iterations) %%, and for the
pre-trained layers we use a 10 times smaller learning rate. For Office-31, we change the number of
epochs by 100 and other configurations are the same as those used in the setting in Office Home.
Similarly, we only change the number of epochs to 10, the learning rate to 0.001, and the architecture
to ResNet-101 for VisDa. We split dataset into 90% of the training set and 10% of the validation set,
and the best model is chosen based on the lowest error rate on the validation set. For adapting the
pre-trained model in the target domain, we use the exactly same configurations, except reducing the
number of epochs to 30 for Office-31 and OfficeHome and to 15 for VisDa.

D.2 ImageNet-C training configuration

For applying self-training, we follow the training configuration used in [31]]; specifically, given
ResNet-50 pretrained on ImageNet, we perform self-training without threshold by running the
stochastic gradient descent optimizer with the learning rate of 0.001 and the minibatch size of 100 for
20 epochs. We remark that other techniques such as momentum and learning rate scheduling are not
used.

D.3 Further experimental details in analyses

Definition of ECE
1G4

G
ECE(0;D) =Y 74 |Ace(G)) — Conf(G9))] (44)
o

where G0 := {z € D|% < c(x;0) < £}, Ace(GY) is the average accuracy in G, and Conf(GY)
is the average confidence in gg

Configuration of the sophisticated uncertainty representation methods We used the regular-
ization coefficient of 0.001 for the belief matching loss [53]] and 20 forward passes to compute the
posterior predictive distribution for MC-dropout with dropout probabilities 0.2 and 0.5 [54].

Definitions of model selection criteria

* InfoMax (higher is better)

IM(9) = H(Ex[f(X;0)]) — Ex[H(f(X;0))] (45)
where H(p) = — Zke[K] pilogp; for p € AK~1. Note that we abuse the notation
H(-) with the definition of the cross-entropy; that is, H(q,p) = —>_ ye(K) Pilog ¢; and

H(p)=— Zke[}q pilogp;.
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Table 2: Accuracy across different domain pairs for each UDA method in OfficeHome.

Method Ar2Rw  Ar2Pr Ar2Cl Rw2Ar Rw2Pr Rw2Cl Pr2Ar Pr2Rw Pr2Cl1 CI2Ar CI2Rw  CI2Pr  Avg
CDAN 7748 7177 5423 7437 83.60 61.01 6139 7921 5395 6226 71.08 69.88 68.35
Self-training  76.82  71.68 51.57  73.51 83.10 58.63 6036 78.68 5191 6197 69.24 6837 67.15
+ELR 7744 7191 4701 7396 8353 5998 61.68 78.88 5139 62838 70.81 7033 67.48
+AnCon 7822 7153 5359 7408 84.03 6023 6123 7879 53.81 6292 72.04 70.44 68.41
MDD 78.54 75774 5643 73.71 8430 60.73 63.70 80.26 5299 63.62 73.10 72.38 69.24
Self-training 7693  71.37 52.62  73.47 8324 5938 60.57 7840 5249 6201 6943 68.17 67.34
+ELR 7730 7193 47.12 7400 8353 5984 6205 7875 50.81 6230 70.53 7029 67.37
+AnCon 77.67 7184 5324 7400 8396 60.18 6086 79.07 5338 6275 71.63 70.56 68.26

e Corr-C (lower is better)

b
Corr-C(0) = C/(| C |lp /[VK), Cij = fi(wn:0)f;(wn:0) (46)
n=1
where C' € RE*K and || - || is the Frobenius norm.

* Ent (lower is better)
Ent(9) = H(Ex[f(X;0)]). 47

Softmax with a temperature parameter

p(y = jlz,0,T) = ¢;(f*(x;6)/T) (48)

exp(f; ?(x:0))

f
S rewo oy P @0) o

where f~9(x;0) are the logits of the neural network such that f;(z;6) =

i € [K] and ¢(z) is the softmax function.

D.4 Computational resources for experiments

In this work, we use multiple servers which consist of multiple GPUs including TITAN XP (12GB),
RTX 8000 (50GB), and A100 (40GB). AnCon takes 1.16 seconds on average for each iteration.

E Result in UDA

While SFDA does not assume any information, unlabeled target domain samples as domain shift
information can be available during the source domain training process in some practical scenarios,
e.g., when labeling target domain samples is costly. In this case, UDA methods are used to minimize
the potential impact of distribution shifts by matching input marginal probability distributions of
source and target domains. Given the prevalence of UDA scenarios in practice, we aim to show
whether AnCon and other self-training methods can be effective for the UDA methods (conditional
domain adversarial network (CDAN) [55] and maximum mean discrepancy (MDD) [56]) in the
adaptation stage. However, as shown in Table [2] all methods decrease the performance of both
CDAN and MDD for most cases, albeit the reduction rates in AnCon are smaller than self-training
and ELR. We conjecture that this is because the base methods (CDAN and MDD) do not contain the
sophisticated tricks, such as adding weight normalization to the final linear layer, which are used in
the SFDA literature [16].
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F Additional tables

Table 3: Benchmark results in Office-31. The numbers indicate the mean test accuracy across three
repetitions with boldface for the best score.

Method A-D A-W D-A D-W WA W-D Avg
Self-Training | 79.32 80.88 62.07 97.67 6299  99.90 | 80.47
+ELR 79.02 81.19 63.70 97.61 63.63 99.90 | 80.84
+AnCon 82.23 7994 63.99 97.80 64.29 100.00 | 81.37
GCE 86.85 86.16 64.63 98.62 6283 9990 | 83.16
+ELR 86.85 86.54 64.80 98.62 62.48  99.90 | 83.20
+AnCon 86.75 87.11 65.78 98.49 62.99 99.90 | 83.50
NRC 92.67 88.11 72.83 98.62 7240 99.90 | 87.42
+ELR 9277 8792 7277 98.68 72.68 99.90 | 87.46
+AnCon 94.28 9145 74.49 98.62 7556 100.00 | 89.07

Table 4: Benchmark results in OfficeHome. The numbers indicate the mean test accuracy across
three repetitions with boldface for the best score.

Method Ar2Rw  Ar2Pr Ar2Cl Rw2Ar Rw2Pr Rw2Cl Pr2Ar Pr2Rw Pr2Cl CI2Ar CI2Rw CI2Pr  Average
Self-training ~ 75.19  69.20 43.07 66.13  78.10  46.64 5525 7384 4298 5546 66.51 66.28  61.55
+ELR 7597 7047 4580 67.00 78.64 50.01 5538 7542 4456 56.61 69.15 6738  63.03
+AnCon 76.13  70.56 48.06 67.57 79.27 51.89 5562 76.22 4486 5834 70.23 6821 63.91
GCE 7465 69.69 4346 68.87 7925 49.18 60.01 75.14 4378 5744 68.85 6577  63.00
+ELR 74.89  71.62 4345 69.63 7998  49.68 6127 7657 4444 58.69 68.67 6629  63.77
+AnCon 7647 7180 4483 7021 80.15 51.74 6193 7691 46.69 59.21 70.09 67.74 64.81
NRC 7386  75.04 4790 61.15 7659 51775 5756 71.88 46.12 59.74 70.44 7047  63.92
+ELR 76.82  76.01 52.19  66.01 80.40 5569 60.82 7487 49.62 6321 7356 72.65  66.89
+AnCon 79.64 7711 5356 69.47 80.04 5730 5999 7737 5042 6321 7595 7497  67.96

Table 5: ECE benchmark results in OfficeHome. The numbers indicate the mean test ECE across
three repetitions with boldface for the best score (lower is better).

Method Ar2Rw  Ar2Pr  Ar2C1 Rw2Ar Rw2Pr Rw2Cl Pr2Ar Pr2Rw Pr2Cl1 CI2Ar CI2Rw  CI2Pr Avg
Self-training 1352 25.10 42.78 14.97 1584 3416 18.12 13.98 3543 24.67 18.10 2197 23.22
+ELR 12.61 23.12 44.89 13.92 15.51 30.12  19.06 1430 36.86 21.25 17.00 22.69 22.61
+ AnCon 11.96 2248 32.80 1218 1340 23.05 18.84 11.54 3510 19.50 15.19 20.07 19.68
GCE 10.51 2090 45.25 12.29 1390 3537 14.02 10.99 39.68 19.10 1591 2357 21.79
+ELR 13.19 20.74  46.50 13.84 15.83 36.35 15.08 12.66 40.32 21.09 20.82 2627 23.56
+AnCon 9.63 18.02 39.20 10.63  13.54 2846 11.24 9.54 30.86 16.95 15.79 2147 19.52

Table 6: Benchmark results in VisDa. The numbers indicate the mean test accuracy across three
repetitions with boldface for the best score.

Method Aeroplane  Bicycle Bus Car Horse Knife Motorcycle Person Plant Skateboard Train Truck Avg
Source-only 52.74 10.50 36.16 48.15 4824 583 82.80 15.03 5243 16.57 92.75 7.41 3871
Self-training 89.69 53.15 87.08 57.71 8834 99.23 88.39  77.15 73.38 16.13  79.86  0.00 67.77
+ELR 92.21 53.53 8559 60.22 89.85 98.70 90.80  77.65 80.68 39.11 84.66 043 71.89
+AnCon 91.25 5232 81.68 58.60 88.72 8593 90.60 77.78 81.31 50.64 84.16 1635 71.11
GCE 93.88 0.00 89.62 7255 91.69 99.08 90.11 ~ 79.80 84.68 0.04 8137  0.00 6520
+ELR 93.50 18.82 8450 68.19 92.05 9822 89.80  82.07 84.04 6.44 84.89  0.00 66.90
+AnCon 95.15 24.00 8620 73.26 93.03 9836 91.60  82.72 88.46 0.83 87.04 0.00 68.40
NRC 30.17 89.50 8345 6520 95.16 96.05 83.56  80.73 89.67 91.10 86.76  30.68 74.30
+ELR 75.40 83.97 7878 67.62 94.14 97.30 88.87 8240 92.15 88.29 87.39 57.03 82.80
+AnCon 95.83 87.05 79.66 61.67 9439 95.57 86.06  81.18 90.83 89.30 8584 5741 83.70
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Table 7: ImageNet-C experiments with corruption intensity 1. The numbers indicate the mean test
accuracy across three repetitions with boldface for the best score. We only present the first five letter
for each corruption type. The full names are available in [6].

Method Shot Impul Gauss Glass Motio Zoom Snow  Frost Fog Brigh Contr Elast Pixel Jpeg Speck Satur  Spatt Avg
Self-training  68.75 6548 69.04 68.78 7146 67.17 67.11 67.60 71.14 7500 7277 70.83 7292 7124 7036 7424 7396 70.46
ELR 68.76 6570 69.14 69.05 71.54 6725 6732 67.78 71.19 7488 72.87 70.81 7292 7120 70.52 7421 74.00 70.54
AnCon 6911 6587 6931 6928 7163 6740 67.38 68.04 7134 7512 7310 7108 7310 7134 70.64 7423 7420 70.72
Table 8: ImageNet-C experiments with corruption intensity 2. The numbers indicate the mean test
accuracy across three repetitions with boldface for the best score.
Method Shot Impul Gauss Glass Motio Zoom Snow Frost  Fog Brigh Contr Elast Pixel Jpeg Speck Satur Spatt  Avg
Self-training  63.82  60.36  64.85 6221 68.08 6333 59.00 57.62 69.84 7409 71.51 5785 7216 69.03 6797 7279 70.19 66.16
ELR 64.06 60.57 64.99 6327 6827 6342 5926 58.12 70.00 74.02 7154 5834 7224 69.13 6821 7271 7032 66.38
AnCon 6406 60.38 6490 6353 6831 6348 5894 5855 70.4 7412 TLTL 5842 7244 6929 6829 7284 70.47 6646
Table 9: ImageNet-C experiments with corruption intensity 3. The numbers indicate the mean test
accuracy across three repetitions with boldface for the best score.
Method Shot Impul Gauss Glass Motio Zoom Snow  Frost Fog Brigh Contr Elast Pixel Jpeg Speck Satur Spatt  Avg
Self-training  56.90 5537 5676 2637 5711 5838 35922 392 6771 7293 6668 70.65 69.17 6721 60.11 7426 66.13 58.17
ELR 57.33 5588 5721 4578 63.00 6035 59.61 4346 67.86 7292 69.20 70.65 69.35 6725 60.33 7422 6633 62.39
AnCon 56.96 55.67 57.01 4885 62.64 60.64 5933 4981 6641 73.05 69.37 70.10 6794 6746 60.13 7439 6450 62.60
Table 10: ImageNet-C experiments with corruption intensity 4. The numbers indicate the mean test
accuracy across three repetitions with boldface for the best score.
Method Shot Impul Gauss Glass Motio Zoom Snow  Frost Fog Brigh Contr Elast Pixel Jpeg Speck Satur  Spatt Avg
Self-training  14.03 41.54 2646 0.61 54.14 39.06 5256 2.83 6573 7121 41.71 67.08 6452 6236 5328 70.06 61.77 4641
ELR 3610 4332 4507 3212 5445 5646 5298 4160 6590 7123 5827 6791 6478 6247 5445 7026 6241 558
AnCon 40.36 4371 4503 40.96 54.16 56.81 5246 46.66 06420 7143 5942 66.67 6237 6255 53.66 69.34 6234 56.01
Table 11: ImageNet-C experiments with corruption intensity 5. The numbers indicate the mean test
accuracy across three repetitions with boldface for the best score.
Method Shot Impul Gauss Glass Motio Zoom Snow  Frost Fog Brigh Contr Elast Pixel Jpeg Speck Satur Spatt  Avg
Self-training  0.26 1.72 1.04 057 0.40 16.11 34.85 263 6023 69.14 030 4569 61.32 5050 3328 64.70 51.34 29.06
ELR 8.00 14.12 16.00 432 3959 5028 51.14 3390 60.54 69.22 037 5652 61.71 5517 4575 64.98 5447 4036
AnCon 2256 2656 2585 19.21 4591 5280 51.30 39.02 58.06 6824 924 57.00 6148 5496 4476 6268 5429 4435
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. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: In Section[I} we clearly state this work’s scope and contributions, which are
shown in Theorem [3.1] Theorem [3.2] and extensive experiments in Section [4]

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We include "Limitations and future directions" in Section [6] and discuss
implications of the assumptions for theoretical results.

. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: We have added all assumptions in the statements of Theorems 3.1 and [3.2] with
proofs in Appendix.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We include training configurations of all experiments in Appendix [D}

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We release our code at https://github.com/tjoo512/ancon,

. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We include training configurations of all experiments in Appendix [D}

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We have included error bars with box plots for experiments that have high
variance across different random seeds.

. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide computational resources used in the research in the Appendix.

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We thoroughly read the NeurIPS Code of Ethics and have confirmed that our
research does not violate any of them.

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
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Justification: This work considers general principle of promoting temporal consistency for
improving self-training under distribution shifts. Therefore, it would not have direct societal
impacts, which are contributed particularly by our work.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our experiments concern only standard models with publicly available bench-
marks.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We cite papers related to code, data, and models used in our experiments.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: This paper does not include the new assets.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This paper does not include crowdsourcing or research with human subjects.
Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper does not include crowdsourcing or research with human subjects.
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