JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Mitigating Missing Feature Channels at Inference
Stage: Test-Time Adaptation through Self-Training
with Data Imputation
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Abstract—The robustness of deep learning model can be
compromised by out-of-distribution (OOD) testing data. Test-
time adaptation (TTA) emerges as an efficient method to mitigate
the distribution gap by tuning model weights at inference stage.
TTA are mainly demonstrated on robustifying model on additive
visual corruptions or adversarial attacks. In this work, we specify
an overlooked type of OOD where feature channels could be
missing in testing data, potentially due to sensor fault. We reveal
that self-training and data imputation can effectively improve
the model’s generalization to data with missing feature channel.
To address the uncertainty associated with imputed samples, we
further propose to fuse the pseudo predictions between imputed
and weakly augmented testing samples to produce more reliable
pseudo labels. We evaluate the effectiveness on multiple image
classification benchmarks with synthesized and realistic missing
feature channels, and our proposed method outperforms state-
of-the-art TTA methods on all benchmarks.

Index Terms—Test-Time Adaptation, Missing Feature Chan-
nel, Self-Training, Data Imputation

I. INTRODUCTION

HE success of deep neural networks hinges on the i.i.d.
assumption between training and testing datasets. Despite
achieving unprecedented performance on numerous learning
tasks, the robustness of deep learning models is vulnerable
to the violation of such assumptions. When testing data is
not drawn from an identical distribution, also referred to
as covariate shift [1l], the generalization of deep learning
models could be severely compromised. Traditional efforts
into mitigating the covariate shift arises from unsupervised
domain adaptation [2] which updates model weights upon
seeing both source and target domain data. Nevertheless, with
the advent of large-scale foundation models [3l], training a
model simultaneously on large-scale source data and down-
stream target data becomes impossible due to data privacy
and prohibitive computation cost. More importantly, the target
distribution is often unknown until the inference stage begins.
These challenges have motivated research into test-time adap-
tation (TTA) at inference stage [4], [5], [6].
TTA aims to adjust model weights to adapt to the out-of-
distribution testing data upon observing a stream of testing
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Fig. 1: Tllustration of the self-training framework. Predictions
on imputed sample and weak augmentation are fused to
produce more reliable pseudo labels for self-training.

data [4]. Despite successfully demonstrating the effectiveness
on adapting to out-of-distribution testing data, we found that an
important scenario is overlooked, where testing data is subject
to missing feature channels, potentially due to sensor fault or
specific visual tasks [7][8]. Particularly in underwater visual
tasks, spectrally-selective light attenuation and backscattering
always result in attenuated red spectrum, i.e. missing R chan-
nel in RGB images. This phenomenon significantly diminishes
the performance of underwater visual tasks. The power of TTA
may not be fully unleashed without considering the specific
challenges of partially visible feature channels.

In this work, we propose to tackle missing feature channels
at inference stage by adapting a pre-trained model on-the-fly.
Specifically, we are inspired by the success of self-training [9]
for test-time adaptation [4] and use a teacher model to generate
pseudo labels which are further used to supervise the updating
of student network. As direct self-training is susceptible to
incorrect pseudo labels [10], we further introduce an efficient
data imputation module to directly compensate the negative
impact of missing feature channels. This module fits a para-
metric distribution on source domain data and testing samples
with missing feature channels are completed by sampling from
the prior distribution. Such a light-weight data imputation
mechanism does not require access to the source domain data
at inference stage and poses no risk of privacy leakage. As the
data imputation alone infers the missing feature channel from
a probabilistic perspective, there is guarantee on improving
pseudo label quality. Hence, we further propose a uncertainty
based pseudo label fusion module to synergistically fuse the
predictions from imputed samples and weakly augmented
samples. Finally, as self-training is still prone to incorrect
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Fig. 2: Illustration of the statistical missing feature channel

imputation procedure.
pseudo labels, we introduce an additional deep clustering

regularization to increase the robustness of self-training for
TTA.

The proposed missing feature channel scenario differs from
the traditional task of learning and testing on missing modality
data where explicitly fusion of multi-modal data, e.g. text,
image, depth, etc, is introduced to the network [L1], [12],
[13], [14]. In these works, mitigating the impact of missing
modality is often achieved at training stage through adversarial
training [11]], distribution alignment [13], searching fusion
policy [12]], prompt learning [14], etc. These works are not
applicable for tackling missing feature channel at inference
stage only.

We summarize the contributions of this work as follows.
i) We identified an overlooked challenge of generalizing pre-
trained models to testing data with missing feature channels,
revealing that direct testing on image data with missing feature
channels could significantly harm the performance. ii) We
propose to adapt pre-trained model weights on testing data
stream at inference stage through self-training with data impu-
tation and deep clustering regularization. The proposed method
does not require access to source domain data at adaptation
stage. iili) We created a benchmark of test-time adaptation
for missing feature channels from four image classification
datasets. Our method outperforms generic state-of-the-art test-
time adaptation approaches.

Sampling J times Imputed Data

II. METHODOLOGY

We denote a training dataset Dy, = {x; € IRC,yi € K}
where each sample consists of C feature channels and the
labels space spans K classes, K = {1,--- K'}. A source do-
main model f(z;©) is pretrained on Dy,. The target domain,
Die = {z; € R}, consists of testing data with missing
feature channels, e.g. due to sensor failure. We specify the
missing channel with a binary vector v € {0,1}¢ with v. = 0
indicating the c-th channel is missing. We aim to update model
weights © such that the performance on missing channel
testing data is improved.

A. Statistical Missing Channel Imputation

Imputing the c-th missing channel can be formulated as
building a conditional generative model p(x.|{zg|k # c}).
Without a proper knowledge on the prior distribution, recent
diffusion models have been employed to impute missing
values [15], [16]. However, the high computation cost of
the generative process of diffusion model renders the method
impractical for efficient TTA. In this work, we opt for a light-
weight parametric model, a multivariate Gaussian distribution

p(x1, - xzc) = N(z1, - 2c|p,X), to model the feature
distribution. When feature channels M = {c¢|Vc,v. = 0}
are missing, we can easily obtain the conditional distribution
for the missing channel p({z.|c € M}|{zk|k € V}) where
V = {c|Vc¢,v. = 1}. Specifically, we rearrange the mean and
covariance by grouping the missing and visible channels as

below.
oo Sm Sono
n= [.Uma,u'u 5 XY= D D (1
The conditional probability follows a multivariate Gaussian
distribution as follows.

Hmly = Hm + Emoijq;l (Ty — pw)
Zm|v = Em’m - vazgvlzvm

where v and m are the visible and missing channels.

The missing channels can be imputed by sampling from
the conditional distribution p({z.|c € M}|{zklk € V}).
Nonetheless, we empirically observe that direct imputing with
the conditional mean p,, is sufficient to improve model’s
robustness.

B. Uncertainty-Aware Test-Time Self-Training

We employ a self-training (ST) framework for adapting pre-
trained model to target domain with missing feature chan-
nels. ST has been demonstrated to be effective for test-time
adaptation to different types of corruptions [4]. Precisely,
we adopt a teacher-student architecture [17] as illustrated in
Fig.|l} To maintain high stability of pseudo labeled, the teacher
network © is the exponential moving average of the student
network ©. We denote the probablistic prediction of teacher
model given input z; as ¢(z;;0) = o(f(xi;0)) € [0,1]K
where o refers to the softmax function. The existing self-
training strategy adopted in TTA [4] often applies a simple
weak augmentation W, which consists of RandomCrop and
RandomHorizontalFlip, to the input sample for teacher net-
work. However, we argue that directly predicting on the input
with weak augmentation is susceptible to the missing feature
channels. Therefore, we further introduce the statistical data
imputation introduced in the previous section as an additional
data augmentation, denoted as Z(x). The two predictions
are fused by their respective confidence to produce the final
pseudo label for self-training as follows where H (q) measures
the entropy for distribution ¢ .

R 6*H(¢(I(Ii))¢(_’z(l‘i)) + 67H(¢(W(mi))¢(w(xi))

%= e~ H($(Z(2) 4 o~ H@W (1) 3)

]T
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With the fused predictions by the teacher model, we de-
fine the self-training loss as the confidence weighted cross-
entropy loss as in Eq. 4} The per-sample weight is defined
as w(q;) = e P the strong augmentation S(-) can be
realised as RandAugment [18]] and the student probabilistic
prediction writes p; = ¢(S(x;); ©).

1 N AT
Lst = TN 2eimn w(G;)qg; logp; 4)
C. Clustering Regularization for Self-Training

Self-training is prone to incorrect pseudo labels and ap-
plying self-training alone for TTA could suffer if the pseudo
labels are less accurate [4]. Inspired by the practice of using
clustering to reveal the cluster structure of target data in
unsupervised domain adaptation[19]], we use deep clustering
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[20] to learn a discriminative model from the test data with
incomplete channels, for more reliable self-training.

Deep clustering [20] discovers cluster structures in the
testing data by iteratively updating a target distribution and
minimizing the distance between target and predicted dis-
tribution. In the context of test-time adaptation for missing
feature channel, we also hope to encourage the testing samples
to form cluster structures. To this end, we introduce the
clustering loss by minimizing the KL-Divergence between
a target distribution p, which can be seen as a sharpened
probabilistic prediction by the student model, and the student
prediction p as below.

N K
KL(pllp) = % Zi:l Zk:l pixlog Pir/pik  (5)
Moreover, we follow the assumption of classical clustering
and consider the pseudo labels to follow a uniform distribution,
thereby leading to a more class balanced predictions by the
student, thus mitigating the degenerate solutions. We achieve
this objective by minimizing the following KL divergence loss,

1 K

S
KL(sllw) = >, swlog (©)

where wuj is the uniform distribution prior and s =
% Zi\il Dir is the empirical frequency of p. The final
deep clustering regularization combines the two objects as,
Leiuster = K L(P||p)+ K L(s||u), where the target distribution
can be obtained from a closed-form solution [20] as,

1
N 2
pik/ <Z,’/:1 pi/k>

K N
Ek’:l pikr/ (Zi/zl pi'k:’)

Augmented Online Clustering With Memory Bank: When
working with small batch sizes or numerous categories, we
employ a memory bank to enhance p by utilizing the stored
features from previously batches. In particular, for each iter-
ation, we use a memory bank M to retain the features from
previous batches, the probabilistic prediction is then computed
by the last fc classifier layer, which is subsequently employed
to compute an enhanced distribution p in Eq. (7). We retain
the most recent samples in the past 256 minibatches in M.
Note that when computing Ly sterr, We only use the enhanced
p from the current batch.

D. Final TTA Objective

We combine the self-training loss and the clustering loss
as the final optimization objective for TTA, Liotqr = Lt +
AL uster- For each testing sample, we first predict the label
through student model and the gradient is accumulated. Gradi-
ent descent is implemented after observing a whole minibatch
of testing samples. The updated model is used for inference
for the subsequent testing samples.

Dik = (7

Nl

III. EXPERIMENTS

A. Implementation Details

We conduct our experiments on 4 classic image classifi-
cation datasets. CIFAR-10 consists of 50,000 training images
and 10,000 test images, with a total of 10 classes. CIFAR-100
comprises a total of 100 classes, with each class encompassing
600 images. where 500 are used for training and the remaining

100 for testing. ImageNet dataset contains 1000 classes with
1.28 million diverse training images and 50000 validation
images. Underwater-ImageNet dataset [21]] consists of under-
water visual images with 7 classes, comprising 6,817 distorted
underwater images along with their corresponding undistorted
versions, and an additional 1,813 distorted test images.

To simulate missing feature channels, we randomly pick m
channels from an n-channel dataset for masking (m < n)
and initialize the masked pixel values to zero to ensure
compatibility with DNN models. We particularly focus on
three-channel RGB images with 1 or 2 simulated missing
channels in the first 3 classical datasets and also validate our
ideas on a realistic underwater dataset. We use ResNet-50[22]
pretrained on respective clean training dataset as our backbone
model [23], [4]. We set « = 0.99 for the EMA scale and
B = 0.5 for the scale of uncertainty weight. The weight of
clustering loss is set with A = 1.0 for standard clustering
and A = 3.0 for memory bank augmented online clustering.
We use SGD optimizer with batch size of 256, momentum of
0.9 and a weight decay of 5e-4. The learning rate is set by
Ir = 0.0001 for ImageNet and Ir = 0.005 for others.

B. Comparisons with TTA Methods

We compare our proposed method with several test-time
adaptation methods. Test implements inference directly with
the pre-trained model. TestBN updates batch normalization
statistics on the test data at test time. TENT [5] updates
the BN layers’ parameters by minimizing the self entropy of
the target data. SHOT [24]] only updates the feature extrac-
tor by proposing a self-supervised pseudo labeling module.
TTAC [4] alleviates the domain shift via class-wise feature
distribution alignment between source and target data. TIPI
[25] enforces the network to be invariant under some input
transformations, using a regularizer based on their derived
bound. Finally, we evaluate our proposed method (Ours)
and DDPM [26] replaces our statistical imputation to DDPM
generation while retaining other modules.

Test-Time Adaptation Results: We present the results of test-
time adaptation on missing feature channel testing data on
ImageNet in Tab. [I| (left). When test data is contaminated with
missing channels, the performance drops substantially from
76.13% — 41.39% with the average accuracy of the six type of
missing channels, which indicates that the absence of feature
channels poses a significant challenge to model generalization.
When Test BN is adapted to TTA, we observe a further
drop of performance. SHOT and TTAC demonstrates superior
performance compared to Test BN and TENT, which suggests
that only updating BN layer is not enough to tackle the dis-
tribution shift caused by missing feature channels. Moreover,
the success of SHOT underscores the effectiveness of self-
supervised or self-training methods. Distribution alignment is
another effective approach to address the problem of missing
feature channels, according to the result of TTAC. We also
find that the new work TIPI perform poorly in our missing
feature channels setting, even worse than TTAC. Finally,
our proposed method combines the self-training with channel
imputation and the clustering regularization, achieving the best
performance. Specifically, our method based on statistical im-
putation slightly outperforms the DDPM-based approach. We
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also reach similar conclusions on the other datasets in Tab.
Tab. [l and Tab.[[] (right) respectively. The improvement of our
method is more significant on the more challenging CIFAR-
100 and underwater dataset.

TABLE 1I: Accuracies(%) of six missing channel scenarios on ImageNet
and Underwater dataset.

Moo [ Myine Miane Misig Mo Mios Mo | Untere
clean data | 76.13 /
Test 5642  33.07 61.05 2338 3692 3750 4139| 57.09
TestBN | 2607 29.65 2937 1434 2438 2021 24.00| 19.97
TENT[5] | 66.01 68.19 6848 5025 5973 58.00 61.78| 59.46
SHOT[24] | 7038 7141 7204 60.17 6537 63.69 67.18| 60.34
TTAC[A] | 69.08 7055 7178 5450 6299 56.72 64.27| 58.74
TIPI25] | 62.63 63.16 65.14 3373 5411 4642 5420| 59.57
DDPM [26]| 7149 7202 7269 61.08 66.77 6535 68.23| 60.62
Ours 71.65 7223 7288 6314 67.05 6597 68.82| 62.60

TABLE II: Accuracies(%) of six missing channel scenarios on CIFAR-10.

Clean | Missing Missing Missing Missing Missing Missin,

Method ‘Dala R. G B RG R&B GeB AV
Test 89.85 87.53 9138 86.15 87.87 8797 88.46
TestBN 90.62 91.53 90.89 87.24 89.88 89.22 89.90
TENTIS] 04.55 91.31 9220 91.53 88.71 90.49 89.72 90.66
SHOT[24] 91.77 9247 9190 89.23 91.39 90.88 91.27
TTACI4) 93.14 94.08 9328 90.28 9238 91.39 9243
TIPI[25] 88.61 9043 89.53 80.90 84.24 8429 86.33
DDPM |[26] 92.11 93.10 9235 88.84 9149 90.84 91.46
Ours 9329 9344 9349 9094 9196 91.85 92.50

TABLE III: Accuracies(%) of six missing channel scenarios on CIFAR-
100.

Mahod |Gl Misine Migin Mizing Mins Mine Mo
Test 59.33  59.03 6425 4236 5586 57.69 56.42
TestBN 64.27 67.16 6649 5573 5576 6040 61.64
TENTIS] 75.16 66.94 70.06 69.28 60.08 60.83 63.73 65.15
SHOT([24] 67.50 70.71 69.93 60.71 6291 64.66 66.07
TTAC[4] 66.65 69.63 69.14 58.83 6194 63.67 64.98
TIPI[25] 65.18 6742 66.72 55.62 59.13 60.77 62.47
DDPM |[26] 69.69 7253 71.86 61.73 6599 6546 67.88
Ours 70.25 72.63 7227 62.83 6699 66.26 68.54

TABLE IV: Impact of queue size on the accuracy (%) / per-sample wall-
clock time (sec) on CIFAR-100 with missing G channel.

‘ w/o Queue ‘ w/ Queue
#lterations | 1 \ 1 2 3 4
TENT 67.64/0.0013 | 67.64/0.0132 70.11/0.0321 69.91/0.0481 70.06/0.0483
SHOT 68.64/0.0026 | 70.30/0.0275 70.43/0.0734 70.53/0.1081 70.71/0.1203
TTAC 69.39/0.0032 | 68.94/0.1255 69.11/0.1730 69.39/0.1954 69.63/0.2232
DDPM 69.43/0.0524 | 71.87/0.2539 71.99/0.2846 72.32/0.3159 72.53/0.3471
Ours 71.89/0.0030 | 71.90/0.0812 72.05/0.1204 71.62/0.1416 72.63/0.1750

Inference ‘ 0.0003

TABLE V: Ablation study on CIFAR-100 and ImageNet dataset.

Self Clustering

ImputeST Training Regularization Cifar100 ‘ ImageNet
- - - 56.42 41.39
v - - 64.74 65.77
- v - 65.36 66.14
v v - 66.10 66.63
v v v 68.54 68.82

yields a notable performance boost (56.42% — 65.36% and
41.39% — 66.14%). Combining weak augmentation with data
imputation further enhances the reliability of pseudo-labels, re-
sulting in an additional 1% accuracy improvement. Finally, the
introduction of clustering regularization achieves the highest
performance, with accuracies of 68.54% on CIFAR-100 and
68.82% on ImageNet, surpassing all individual components.
Sensitivity to Hyperparameter: For high-dimensional
datasets like ImageNet, a small learning rate ensures stable
updates during test-time adaptation, preventing instability and
overfitting. In contrast, for smaller datasets like CIFAR-100, a
larger learning rate facilitates faster, more efficient adaptation.
We conducted a sensitivity analysis of the learning rate across
datasets, shown in Fig. 3| (left), which demonstrates the impact
on model performance and highlights the trade-off between
stability and adaptation speed. Fig[3] (right) presents a com-
parison of clustering loss weights A. We ultimately selected a
weight of 3, as this value strikes a balance between enabling
the clustering loss to function effectively.

Computation Cost Measured in Wall-Clock Time: For
the online stream test sample batch, all competing methods
were allowed to construct a sample queue, with TTA training
applied over multiple iterations. While these components add
computational overhead, TTA prioritizes low inference latency.
We measure the average per-sample wall-clock time, as shown
in Tab. Our method demonstrates a computational cost
comparable to competing approaches, achieving superior per-
formance with less wall-clock time than the previous state-
of-the-art, TTAC. Compared to more efficient methods like
TENT, our approach incurs 2-3 times higher cost but delivers
a 2-4% accuracy gain. Additionally, our method shows a clear
advantage over DDPM-based approaches.

C. Ablation Study

We evaluate the effectiveness of individual components on
CIFAR-100 and ImageNet datasets in Tab. [V] reporting the
average accuracy across six types of missing channels. Sim-
ple imputation significantly improves robustness to missing
features (56.42% — 64.74% on CIFAR-100 and 41.39% —
65.77% on ImageNet). Similarly, applying self-training with
pseudo-labels generated through weak augmentation alone
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Fig. 3: Sensitivity Analysis for learning rate and clustering
weight.
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IV. CONCLUSION

In this work, we address a specific type of out-of-
distribution (OOD) testing data where feature channels may
be missing. To tackle this challenge, we first propose a
lightweight statistical data imputation technique to reconstruct
the missing channel features. Next, we employ self-training
for real-time adaptation, combining predictions on test samples
with weak augmentation and imputed data to generate more
reliable pseudo-labels. Finally, we introduce a deep clustering
regularization to enhance the self-training process. Evaluations
on four RGB image classification datasets demonstrate the
effectiveness of our method. Future research may consider
more challenging inputs from high dimensional sensors, e.g.
RGBD sensors and hyperspectral images.
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