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A. Additional discussions

A.1. Rationale for using Hierarchical layers in FC
Layers but not in the Encoder

Common convolutional encoders such as ResNets [16] learn
multiple representations, with initial layers capturing low-
level features, and deeper layers learning high-level se-
mantics [48]. However, standard fully connected (FC)
layers attached to the encoder flatten these structured hi-
erarchies into a single vector through the transformation
#(x) — We(x)+Db, leading to ‘information diffusion’ [22].
This conflicts with the encoder’s multi-scale inductive bias,
as shown by the rank inequality Rank(¢cony) >> Rank(¢rc),
where ¢cony represents convolutional features and ¢pc the
FC-processed output [11]. To address this, matryoshka rep-
resentation learning [22] introduced nested linear projections
{fi}&_,, where each f; : R? — R% satisfies dimensional
constraints d; < --- < dy = d, enforced by truncation
conditions Vi < j, fi(¢(x)) = Truncg, (f;(o(x))) [22].
By using hierarchical linear layers [22] exclusively as the
classification layers after the encoder, we enable it to learn
coarse-to-fine features while preserving the encoder’s hierar-
chical structure. This avoids redundancy and adaptation of
already robust encoder features and addresses the limitations
of fixed-dimensional FC layers, which are likely to fail to
adapt to diverse distribution shifts for test-time adaptation.

A.2. Modification of Source Training

The test-time adaptation landscape comprises two primary
approaches: (i) Fully test-time adaptation methods and (ii)
Methods that modify source training (often termed train-
ing preparation [42]). Fully test-time adaptation meth-
ods [23, 40] leave source training unaltered, and in line
with this, our three proposed innovations are applied exclu-
sively at test time. Common methods, however, often rely
on single-dimensional architectures that fail to capture multi-
scale learning across the model. Consequently, we enhance
common TTA methods to tackle diverse distribution shifts by
incorporating hierarchical linear layers during source train-
ing. Similarly, other TTA approaches [10, 27, 33, 43, 44]
also modify source training to develop strategic priors for
adaptation.

A.3. Training Hierarchical linear layers

Training the hierarchical linear layers during source training
is straightforward. All layers are optimized using a stan-
dard cross-entropy loss with equal weight scaling across the
hierarchical linear layers [22], i.e., requiring no additional
optimizations. At test time, our gradient selection mecha-
nism adapts only the layer with the lowest gradient norm per
batch, while the others are updated via a sharing mechanism.

A.4. Rationale for the usage of gradient norm to
select the optimal linear layer for inference
and adaptation

Gradient norm quantifies the magnitude of alteration that
needs to be applied to align the model output with the target
distribution. In our case, each hierarchical linear layer
learns coarse-to-fine representations. Therefore, the smallest
gradient norm corresponds to the layer whose parameters
are already well-aligned to model the target data and require
only minor adjustments. Hence, by choosing the layer with
the lowest gradient norm for inference and adaptation, our
method relies on the most stable features while minimizing
the risk of over-adaptation and instability [19, 40]. This
criterion promotes efficient test-time adaptation by using
the layer’s inherent common target features with minimal
updates.

A.5. Motivation for using task vectors to share tar-
get information between the linear layers

The hierarchical linear layers are designed to learn coarse-
to-fine representations of increasing granularity. If only the
most suitable linear layer is adapted during test time, while
the remaining layers stay unchanged, the non-adapted lay-
ers will not incorporate any new information or statistics
about the target data. This undermines the utility of learn-
ing coarse-to-fine representations, as the non-adapted layers
do not reflect the updated target distribution’s statistics. To
address this, task vectors are employed to propagate target
information from the adapted layer to the remaining layers.
By leveraging lightweight transformations, task vectors en-
sure that all layers align with the target distribution without
requiring additional backpropagation. This maintains the
cohesiveness of the hierarchical structure and allows all lay-
ers to contribute meaningfully to robust adaptation under
diverse test-time conditions.

A.6. Rationale behind using cosine similarity to find
similar layers for target information sharing

The weights of hierarchical linear layers have varying dimen-
sionalities, as each layer is designed to learn coarse-to-fine
representations. Cosine similarity is used to identify similar
layers, eligible for target information sharing. The metric
measures the alignment between weight vectors, focusing
on their directional similarity rather than their magnitude.
This property makes cosine similarity particularly effective
for comparing weights across layers with different scales
or norms. Computationally, to handle the dimensional mis-
match between weights, smaller weight matrices are padded
with zeros to match the largest dimensionality among the
layers. This zero-padding aligns all weight vectors in a com-
mon vector space without altering their intrinsic directional
properties, as the added zeros do not affect the cosine similar-



ity computation [8]. By leveraging cosine similarity in this
manner, we can robustly and efficiently identify layers with
similar weights, enabling effective target information sharing
across hierarchical linear layers during test-time adaptation.

A.7. Motivation for using mutual information in
Hierarchical linear layers Agreement

Mutual information quantifies the dependency between two
sets of variables, capturing both linear and nonlinear rela-
tionships [15, 52]. In Hi-Vec, we use mutual information to
evaluate the agreement between the logits of the optimal hier-
archical layer, pg-, and those of the remaining layers, pg for
¢ € @\ {¢*}. The hierarchical linear layers in Hi-Vec cap-
ture coarse-to-fine representations, where each layer learns
features at different levels of granularity. These layers are
connected sequentially in a nested architecture, transforming
the encoder’s output vector ’z’ to match the dimensionality
required by the linear layer. Agreement among their corre-
sponding logits reflects the presence of shared features across
these levels. ID samples exhibit high agreement across hi-
erarchical layers as their features align with the source do-
main’s representations. In contrast, OOD samples disrupt
this agreement, leading to lower shared information between
the logits. By quantifying this inter-layer agreement, mu-
tual information enables Hi-Vec to detect OOD samples and
avoid unnecessary adaptation to noisy batches. Moreover,
mutual information has proven effective in domain adapta-
tion by aligning features and reducing discrepancies [6, 52].
For instance, Zhao et al. [52] use mutual information to
align features in unsupervised domain adaptation, while De
Bernardi et al. [6] leverage it for OOD detection. Hi-Vec
uses Mutual information to ensure selective adaptation on ID
samples, preserving model stability by avoiding model mis-
specification and improving computational efficiency during
test-time adaptation.

A.8. Motivation for not using efficient and fixed-
feature versions from Matryoshka represen-
tation learning

The Matryoshka model [22] also includes an efficient version
that nests the linear layers within one shared single linear
layer. Additionally, the fixed feature version is provided
that maps encoder output to one single dimension between
the 8 to the highest dimension of the encoder and treats it
as one single fc layer. However, in our work, we focus on
diverse shifts at test time, which requires flexible models or
layers capable of capturing varied features across multiple
dimensions. The efficient version of [22], due to the nesting
of representations within a single fully connected layer, is not
useful for adaptation since the adaptation of one layer affects
all of the other layers in the nest. Similarly, the fixed-feature
version depends on static representations tied to a single
dimension, which will also diffuse information [22] as in the

common setup. Training multiple encoders with such fixed-
feature models to handle diverse shifts is computationally
inefficient and lacks the flexibility required for test-time
adaptation.

A.9. Additional Notations for Merging Layer
Weights of Small and Large Linear Layers

Let Wy denote the weight matrix of layer ¢ with dimen-
sions (m x n), and let Wy~ denote the weight matrix of
the dynamically selected layer ¢* with dimensions (k x [).
These matrices can be written explicitly as,

Ws = (Ws,i5)iz1. i j=1...m

Wy = (w¢*7ij)i:17,,,,k; G=1,..,0"
For dimension-aware merging, we define the shared dimen-
sions

g = max(m, k), h=min(n,l),

where max selects the larger dimension and min selects
the smallest dimension in respective directions. Then, the
weights of W are projected into the common shape (g x h),
aligned with the indexing of W

A.10. Extending to Parameter-free baselines

We also extend Hi-Vec to parameter-free baselines such
as Laplacian Adjusted Maximum-likelihood Estimation
(LAME) [3], which adjusts the model’s output for target
batches. Specifically, we integrate Hi-Vec’s dynamic layer
selection to perform targeted inference for each batch
instead of representations from a static linear layer. Next,
leveraging hierarchical layer agreement to decide whether
the model’s output adjustment with LAME [3] is necessary.
More specifically, we implement LAME with a RestNet-18
encoder with and without Hi-Vec for the CIFAR-10-C
dataset with 20% outliers, which depicts the standard setting
of our ablation studies. We find that with the implementation
of Hi-Vec, the standard implementation of LAME can
be improved from 68.4% to 79.7% accuracy, which is
significantly higher than the source baseline of 57.3%.
This highlights the ability of Hi-Vec to also integrate with
parameter-free methods apart from backpropagation-based
methods and motivates us to further investigate this in future
work.

A.11. Algorithms

We provide the details about source model training in Al-
gorithm 1. The detailed test-time algorithm is in the main

paper.



Algorithm 1 Source Model Training

Input: D;: source domain with labeled samples {(xs,¥s)};
0: encoder parameters; ® = {1, @2, . . ., ¢ }: hierarchical
linear models; {W,, }me . hierarchical linear layer weights
where M = {mq,ma, ..., my} spans the dimensions.
Output: learned 6 with ® hierarchical linear layers.

1: for epochin 1, ..., Nepochs do

2. for barch {x” y{" 1B in D, do

3: Extract representations: z = fo(Xs).

4: Compute predictions for all layers ¢ € & and corre-
sponding dimensions m € M:
WJ Z.m, where z,, are the first m dimensions of z.

5: Compute cross-entropy loss:
L= Z¢€<I> ZmEM ECE(W(,ﬁT.lemy ys)-
6: Update 6 and {W¢ }4co as in Eq.2 from main paper.
7:  end for
8: end for

B. Additional Experiments

B.1. Results across the open-set adaptation

Hi-Vec leverages hierarchical representations and task vec-
tors propagation to adapt to unseen domains, making it ef-
fective for open-set test-time adaptation. In this open-set set-
ting, a subset of classes is unseen during source training but
present in the test set. Following [46], we evaluate Hi-Vec
on Cifar-10-c and Cifar-100-c. For Cifar-10-c, the source
model is trained on 8 classes and evaluated on 2 unseen
classes in the corrupted version. Similarly, for Cifar-100-c,
the source model is trained on 80 classes and evaluated on 20
unseen classes. Results are given in Table 1. Open-set [34]
adaptation lacks prior class and corresponding sample in-
formation during training, posing challenges for common
methods. Hi-Vec improves performance across both sce-
narios by learning coarse-to-fine representations, avoiding
overfitting to learned fixed features and corresponding lim-
ited classes during training, thus enabling robust adaptation
to unseen classes.

B.2. Results across common test-time adaptation
setting

Following common test-time adaptation methods [13, 32,
40, 46], we also provide results without any outlier datasets
at test time. In Table 2, we compare the performance of all
baselines across the domains of the Cifar-10-c and Cifar-100-
c datasets. Hi-Vec achieves the highest accuracy compared
to all recent test-time adaptation methods on both datasets.

B.3. Inference time

During source training, Hi-Vec introduces a small param-
eter overhead of approximately 5% compared to standard
implementations. For example, for ResNet-18, the encoder
has approximately 11M parameters while the added layers

CIFAR10-C (8:2) CIFAR100-C (80:20)

Methods Acc Auc  H-score  Acc Auc  H-score
Source 60.6 61.5 60.0 37.1  60.6 442
Source 60.6 615 60.0 37.1  60.6 442
MRL 713 638 66.4 434 622 50.3
BN Stats [29] 794 669 72.6 555 662 60.2
EATA [30] 81.5 679 74.1 613 674 64.2
CoTTA [41] 81.8 654 72.5 57.1 663 61.3
ROTTA [47] 794 624 69.8 50.6  63.7 56.2
SoTTA [12] 82.7 627 71.3 614 682 64.6
OWTTT [25] 659 635 64.4 562  66.0 60.6
Tent [40] 80.1 659 72.3 604  65.6 62.8
SAR [31] 823  66.0 732 634  69.1 66.1
STAMP 85.0 694 76.4 66.0 712 68.5

Tent + Hi-Vec
SAR + Hi-Vec
STAMP + Hi-Vec

839A 750A 792A 606A 682A 64.1A
84.1A 749A 792A 638A 69.7A 66.64A
86.5A 699A 773A 668A 72.1A 6934

Table 1. Comparisons on adaptation with open-set datasets
using CIFAR10-C-20 and CIFAR100-C-80 as target datasets. We
report the baselines provided by Yu et al. [46] with ResNet-18. Our
results are averaged over fine runs. As in the main results, Hi-Vec
improves the performance (A) and is the top-performer (bold).

contribute approximately 0.5M parameters. This overhead
scales modestly to larger models, even when implemented
for intermediate layers such as recent Matformer [7]. At
test-time, Hi-Vec needs to compute multiple gradient norms
for layer selection. However, to adapt to target data, it
doesn’t introduce any additional backward passes or param-
eters needed for backpropagation. Specifically, Hi-Vec uses
only one of the hierarchical linear layers for backpropagation
and during inference, ensuring no additional parameters are
introduced. In Table 3, we compare the inference times for
common test-time adaptation methods with and without Hi-
Vec integration based on a single Nvidia A100 GPU. Hi-Vec
introduces a modest increase in compute time for Tent and
SAR, with Tent + Hi-Vec taking 1m 25s compared to 31s
for Tent and SAR + Hi-Vec taking 1m 42s compared to 50s
for SAR. For STAMP, Hi-Vec results in a negligible change.
Overall, Hi-Vec achieves robust adaptation with minimal
computational overhead, making it useful for test-time adap-
tation.

B.4. Mitigates Catastrophic Forgetting

Retaining source domain knowledge during test-time adap-
tation is essential for leveraging the shared features between
source and target domains [50]. Catastrophic forgetting,
where the model loses previously acquired target informa-
tion when adapting to new data, can severely degrade per-
formance on source data samples. We also test Hi-Vec’s
capability for such cases and provide the results for catas-
trophic forgetting of source knowledge in Fig 1. In this setup,
we adapt the model to a target domain and evaluate it on the
source domain for the Cifar-10-c dataset with noise as an
outlier with ResNet-18. Integrating Hi-Vec with methods



Method Gauss Shot Imp Defoc Glass Rot  Zoom Snow Frost Fog Bright Contr Elast Pixel JPEG Avg.
Source 287 352 242 573 490 664 648 767 629 734 903 314 788 46.5 747 573
BN Stats[29] 702 720 63.6 876 665 859 869 821 805 841 908 854 773 786 743 79.0
CoTTA[41] 76.1 776 739 879 719 869 875 828 82.0 852 908 857 79.3 804 783 81.8
g EATA[30] 76.5 779 717 89.1 704 874 89.0 852 842 86.0 915 884 799 839 785 826
r~ RoTTA[47] 69.6 71.0 629 875 670 859 869 824 79.6 847 912 735 783 779 749 7182
é SoTTA[12] 758 792 715 894 706 878 89.0 856 840 872 924 874 799 845 79.0 829
O OWTTT[25] 70.1 720 63.0 869 66.5 857 86.7 827 80.9 845 912 830 779 76.8 749 789
Tent[40] 76.1 784 705 878 70.1 86.8 875 848 820 851 91.1 86.6 794 827 785 81.8
SAR[31] 70.7 72.1 668 87.6 682 859 869 821 805 841 908 854 773 786 743 794
STAMP 809 829 772 876 749 86.6 877 859 859 88.1 904 872 803 86.7 82.6 843
Tent + Hi-Vec 777 796 706 883 723 876 879 857 828 857 919 865 802 829 789 825A
SAR + Hi-Vec 78.5 80.2 69.1 914 73.8 88.7 90.7 88.0 883 89.0 932 916 80.5 864 79.2 846 A
STAMP + Hi-Vec 83.6 84.7 773 90.7 77.3 88.8 90.7 88.5 89.6 89.1 929 90.3 834 88.3 83.6 86.6 A
Source 124 145 72 360 447 451 452 495 416 369 633 132 575 238 46.6 358
BN Stats[29] 41.1 413 389 63.1 515 608 63.8 512 535 532 644 59.0 584 58.0 476 53.7
9 CoTTA[41] 470 478 451 59.6 540 595 61.3 533 550 529 626 503 58.1 61.8 53.1 548
& EATA[30] 50.7 535 48.1 67.0 556 648 67.0 59.1 59.2 604 677 639 618 633 546 59.8
E RoTTA[47] 359 36.6 338 60.6 47.1 577 608 48.0 422 508 592 32.1 538 523 444 47.7
§ SoTTA[12] 51.6 538 474 669 569 653 68.1 589 60.1 60.1 694 63.1 623 628 548 60.1
O OWTTT[25] 41.6 42.8 38.8 63.4 526 616 648 533 548 545 658 584 60.1 57.6 493 54.6
Tent[40] 523 521 477 669 56.1 643 653 583 587 60.0 678 62.1 618 63.0 545 594
SAR[31] 55.1 550 512 684 582 660 674 603 60.8 619 698 655 63.6 662 568 61.7
STAMP[46] 572 585 528 699 614 68.1 70.1 633 639 648 722 699 66.5 69.2 59.0 644
Tent + Hi-Vec 529 534 479 67.8 56.7 649 657 584 589 619 683 627 624 635 549 602 A
SAR + Hi-Vec 557 553 51.8 692 58.5 66.7 679 615 61.7 625 705 662 639 66.7 574 623 A
STAMP + Hi-Vec 579 60.2 535 70.2 619 689 714 639 643 654 726 704 66.9 69.7 59.3 65.1 A

Table 2. Comparisons on common test-time adaptation setting. for CIFAR10-C and CIFAR100-C. Integrating Hi-Vec improves the

common methods and achives the the best results (bold)

Table 3. The total in-
ference time across all

Methods Time the fifteen domains on

Cifar-10-C with ResNet-
Tent [40]. 31s 18. The usage of Hi-Vec
Tent + Hi-Vec Im 25s leads to a moderate in-
SAR [31] 508 crease in commute time
SAR + Hi-Vec Im42s  for SAR and Tent. For
STAMP [46] 11m 48s STAMP, Hi-Vec intro-
STAMP + Hi-Vec 11m49s duces anegligible change

in the inference time.

such as SAR and Tent improves source domain accuracy
during adaptation. Hi-Vec achieves this by employing its
gradient-based layer selection mechanism to adapt only the
most relevant hierarchical layer and its hierarchical layer
agreement mechanism to prevent unnecessary updates for
out-of-distribution samples. These Hi-Vec mechanisms pre-
serve source knowledge while enabling robust adaptation to
target shifts.

B.5. Analysis of Hierarchical Layers Agreement
and Benefits

Hierarchical layers agreement, as detailed in the methodol-
ogy and algorithm, enables Hi-Vec to skip adaptation for
batches containing outliers, thereby preventing noisy model
updates that could lead to model misspecification. This is
particularly important because adapting to noisy OOD sam-
ples can destabilize the model by error accumulation and
reinforcing irrelevant spurious features. Hierarchical layers
in Hi-Vec capture coarse-to-fine representations, and their
agreement reflects shared, meaningful features across these
levels. When agreement is low, it indicates the absence
of common features, signaling extreme OOD samples. To
provide insights into this mechanism, Figure 3 shows the
number of times adaptation was skipped during test-time
using ResNet-18 on Cifar-10-c with noise as outlier data.
The x-axis represents the domain count for the Cifar-10-c
dataset with outliers during test-time adaptation, while the
y-axis indicates the count of skipped adaptations. For Tent
+ Hi-Vec and STAMP + Hi-Vec, adaptation was skipped



more frequently, focusing on inference instead, while SAR
+ Hi-Vec skipped adaptation for nearly half the batches. In
comparison, common test-time adaptation [23, 26, 40, 46] do
not skip adaptation (corresponding to O skips in the Figure 3)
and instead perform backpropagation for every batch. By
avoiding adaptation on noisy batches that lead to error accu-
mulation for the model and its predictions, Hi-Vec achieves
stability on noisy target samples.

B.6. Grad-CAM Visualizations and Layer selection
insights

At test-time, to analyze the behavior of hierarchical linear
layers and the selection of ¢* at test-time, we provide quali-
tative visualizations in Figure 2. Specifically, we illustrate
the Grad-CAM [37] outputs with STAMP + Hi-Vec for the
selected hierarchical linear layer (¢%) alongside a histogram
showing the frequency of selected layers across test batches
of Cifar-10-c dataset with noise. Grad-CAM [37] visualiza-
tions highlight how different dimensions focus on distinct
regions of the input image, enabling accurate classification
by leveraging features relevant to the target distribution, even
when it deviates significantly from the source. The histogram
further demonstrates that multiple dimensions are utilized
dynamically across test batches, reflecting Hi-Vec’s ability
to adaptively select layers suited to varying shifts. This
adaptive mechanism ensures that hierarchical representa-
tions effectively address diverse target shifts by focusing
on features most relevant for each batch. Additionally, In
Figure 4, we also provide insights into layer selection for
the Waterbirds dataset using DeYo + Hi-Vec for test-time
adaptation. Unlike the shifts observed between CIFAR-10
and Cifar-10-c, the Waterbirds dataset introduces distinct
distribution shifts that require different hierarchical layers to
handle each batch effectively. The figure illustrates Hi-Vec’s
ability to dynamically select the optimal layer for each batch,
enhancing the adaptability of test-time adaptation methods
and ensuring robust performance across diverse shifts.

C. Additional dataset and implementation de-
tails

C.1. Additional datasets information

We train source models respectively on the source datasets
as per the training and evaluation procedure as in [13, 23,
40, 46]. Akin to these common methods, the source datasets
to train the respective source models include CIFAR-10,
CIFAR-100, Waterbirds, and ImageNet as datasets. We
utilize ResNet-18 and ResNet-50 with batch norm as the en-
coders. Our experimental setup involves multiple datasets at
test time to evaluate the proposed method under two distinct
types of diverse distribution shifts at test time. First, we con-
sider outlier-aware scenarios where each test batch contains
samples from Cifar-10-c [17], Cifar-100-c [17], or ImageNet-
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Figure 1. Mitigates Catastrophic Forgetting. Resluts reported for
Cifar-10-c using ResNet-18. We evaluate the model on the source
domain after adapting it to every target domain. Hi-Vec preserves
the source domain knowledge and prevents forgetting on the dataset
at test-time.

C [17] datasets combined with a significant proportion of
outlier datasets, including LSUN-C [46], SVHN-C [46],
TinyIlmageNet-C [46], Places-365-C [46], and Textures-
C [46]. For the in-distribution data, Cifar-10-c [17] and
Cifar-100-c [17] include 15 corruption types (e.g., Gaus-
sian noise, motion blur, fog) applied at five severity levels,
with Cifar-10-c [17] containing 10,000 images per corrup-
tion and Cifar-100-c [17] containing 10,000 images per class.
ImageNet-C [17] serves as a large-scale benchmark with sim-
ilar corruption types across 1,000 categories. We follow [46]
to generate the outlier datasets. The outlier datasets are de-
rived by applying the same 15 corruption types at the highest
severity level of 5 to datasets such as LSUN, SVHN, Tiny-
ImageNet, Places-365, and Textures. In this setup, a single
test batch contains both in-distribution samples from the cor-
rupted CIFAR or ImageNet datasets and out-of-distribution
samples from these corrupted outlier datasets. Next, we
evaluate robustness to spurious correlations using datasets
specifically designed to introduce misleading or non-causal
correlations. The Waterbirds [36] dataset consists of 11,788
images where spurious correlations arise due to the back-
ground (e.g., water or land) being associated with specific
bird species. Similarly, ColoredMNIST [36] modifies the
MNIST dataset by introducing color as a spurious feature cor-
related with digit labels, consisting of 70,000 images across
10-digit classes. We train source models on Cifar-10, Cifar-
100, Waterbirds, and ImageNet, respectively, using ResNet-
18 and ResNet-50 as encoders. For ablations and additional
experiments, we integrate Hi-Vec with re-implemented base-
lines from their official GitHub repositories.

C.2. Hyperparameters for the baselines

We utilize the hyperparameters as provided in STAMP [46]
and DeYo [23] repositories that include the implementation



Source Target: Diverse shifts and Utility of Hierachial layers
Original Zoom Blur Gaussian noise Diverse shifts in same batch
Predicted: Dog Predicted: Bird Predicted: Automobile, Airplane, Bird & Dog
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Figure 2. Grad-CAM Visualizations and Layer selection insights on Cifar-10-c with ResNet-18 by Stamp + Hi-Vec. We provide the
histogram figures for the outputs of the hierarchical linear layers. Together with the dimension of the model that is being used for the
prediction and histogram of dimensions (where layer 0 has 8 dimensions, layer 1 has 16, and layer n has 2"*! dimensions) for a random

batch of the Cifar-10-c dataset.
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Figure 3. Analysis of Hierarchical Layers Agreement and Bene-
fits. Reported for the Cifar-10C dataset with a ResNet-18 encoder.
We provide insights into how the hierarchical layers agreement
works and how it counts. The common methods perform back-
propagation on every batch (O skips in the figure). Hi-Vec opts to
skip adaptation due to the hierarchical layer agreement mechanism,
improving the process by avoiding adaptation on noisy samples
and noisy predictions.

of other baseline methods such as Tent [40], SAR [32]. As
in these methods, we use ResNet-18 with batch norm for all
our results. We list all the hyperparameters for the experi-
ments that align with the original GitHub implementation
repositories and implementations provided by STAMP' [46]
and DeYo? [23].

Tent. Wang et al. [40] provided by [46] uses the Adam
optimizer with beta set to 0.9 and with a momentum of 0.9.
For Cifar-10-c, the learning rate (1r) was set to 0.001. For

https://github.com/yuyongcan/STAMP
Zhttps://github.com/Jhyunl7/DeY0O/
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Figure 4. Layer selection insights. We also provide the Layer
selection insights with a histogram of counts for Waterbirds dataset
by using DeYo + Hi-Vec with ResNet-18 at test-time. Layer 0 has
8 dimensions, layer 1 has 16, and layer n has 2"™' dimensions.
Hi-Vec dynamically selects layers across varying dimensions to
address diverse distribution shifts effectively.

Cifar-100-c, the learning rate was reduced to 0.0001. For
ImageNet, the learning rate was further adjusted to 0.00025.
SAR. Niu et al. [32] provided by [46] uses the Adam opti-
mizer with beta set to 0.9 and with a momentum of 0.9. For
Cifar-10-c, the learning rate (1r) was set to 0.005 and the
reset constant (rst) was 0.3. For Cifar-100-c, the learning
rate was also 0.005, but rst was reduced to 0.2. For Ima-
geNet, the learning rate was 0.0005 while rst was adjusted
to 0.1.

STAMP. Yu et al. [46] uses the Adam optimizer with beta set
to 0.9 with a momentum of 0.9.For Cifar-10-c, the learning
rate (1r) was set to 0.1 and the stamp parameter (alpha)
was 0.25. For Cifar-100-c, 1 r was set to 0.05 and alpha
was 0.9. For ImageNet, 1 r was set to 0.01, and alpha was
0.8. The MI threshold To0p

value of 1.6, Cosine threshold 7 of 0.6 was used for the
datasets. We experimented with the hyperparameter values


https://github.com/yuyongcan/STAMP
https://github.com/Jhyun17/DeYO/

and have reported the values for which the performance is
highest.

DeYo. Lee et al. [23] uses SGD as an optimizer with
a momentum of 0.9. For the Waterbirds dataset, a
pseudo-label threshold (plpd-threshold) of 0.5, a deyo
margin (deyo-margin) of 0.5, an early deyo margin
(deyomargin_e0) of 0.4, a learning rate multiplier
(lrmul) of 5, and an evaluation interval of 10 was ap-
plied. For ColoredMNIST, after pretraining a pseudo-label
threshold of 0.5 was used, both deyo margins were set to 1.0,
and a learning rate multiplier of 5 and an evaluation interval
of 30 has been utilized.

Hi-Vec. Our approach employs the hyperparameters listed
above for the corresponding baselines for integration. Set-
tings specific to our method involve the selection of a scaling
parameter and a mutual information threshold classifying
hierarchical layer agreement. For Cifar10, Imagenet, and
Cifar100 experiments, we utilize a scaling («) parameter of
0.7 and a mutual information threshold 7oop of 1.2 for the
experiments. We have detailed the implementation of our
method in Section 3, the detailed algorithm, and Figures 1
and 2 from the main paper. We will release the full code in
the final version.

C.3. Results for the main paper with standard de-
viations.

We also provide the standard deviations for the main results
from the main paper.

D. Additional Related work
D.1. Test-time adaptation.

In addition to the aforementioned applications, test-time
adaptation has also been used in vision language mod-
els [1, 2, 38, 51], continual learning [18, 28, 45], classifica-
tion that consider practical scenarios [4, 5, 9, 14, 21, 24, 39].
Moreover, recently, [20] proposed a framework that uses lin-
ear mode connectivity for adapted models during inference,
with standard ResNet models.



Noise SVHN-C LSUN-C TinyImageNet-C

Methods Acc AUC H-score Acc AUC H-score Acc AUC H-score ACC AUC H-score
Source 573 70.4 62.3 57.3 67.4 61.1 57.3 62.8 59.6 573 64.5 59.4
MRL [22] 59.7 65.7 62.6 59.7 64.4 62.0 59.7 61.9 60.2 59.7 64.1 61.8
BN Stats [29] 72.9 68.6 70.6 78.7 753 76.9 794 79.4 79.4 79.0 729 75.8

g EATA [30] 729 68.5 70.6 78.8 753 76.9 794 79.4 79.4 78.9 73.1 759

= CoTTA [41] 713 62.4 67.3 81.6 78.6 80.1 822 842 832 81.9 75.3 78.4

E RoTTA [47] 77.6 74.3 75.6 78.4 76.0 712 78.8 79.5 79.1 78.6 733 75.8

O SoTTA[12] 77.8 51.7 61.6 79.3 72.8 75.9 79.8 77.9 78.8 79.6 72.6 759
OWTTT [25] 623 64.4 58.5 66.1 753 69.6 63.1 78.9 68.5 56.3 58.8 56.2
Tent [40] 774 48.7 59.7 80.8 54.9 65.1 81.2 62.3 70.4 81.1 65.6 72.4
SAR [31] 729 68.5 70.6 78.7 753 76.9 79.4 79.4 79.4 79.0 729 75.8
STAMP [46] 77.9 83.2 80.1 823 79.2 80.6 83.5 86.3 84.8 82.6 74.9 78.5
Tent + Hi-Vec 80.7 024 63.0£024 70.5+024a 81.7 £0.14 554 £0.1 4 66.0 +0.1a 81.7 024 62.8 £024 71.0 £024a 8254014 658 £0.14 73.2 +£0.1 4
SAR + Hi-Vec 777 £0.1 4 63.8 +0.1a 70.7 £0.14 8254014 733 £0.14 77.7 £0.14 80.2+024 79.9 +024a 80.0 £024 83.0 £0.1a 69.7 £0.14 75.7 £0.1 4
STAMP + Hi-Vec 83.6 +:0.1 A 91.4 0.1 A 87.3 +0.1 A 85.7 +0.1 A 82.7 +0.1 A 84.2 +0.1 A 84.3 +0.2 A 86.9 +0.2 A 85.5 +0.2 A 86.5 +0.1 A 81.1 +0.1 A 83.7 +0.1 A
Source 35.8 43.1 38.0 35.8 494 40.1 35.8 582 432 35.8 57.1 427
MRL [22] 414 60.3 47.8 41.4 61.0 473 414 58.0 48.3 41.4 63.3 48.4
BN Stats [29] 45.8 80.9 584 527 725 60.9 537 73.8 62.0 53.2 68.6 59.7

2 EATA [30] 55.2 86.1 67.1 58.1 75.6 65.6 58.8 77.2 66.7 58.6 70.7 64.0

= CoTTA [41] 47.0 83.4 59.9 53.7 732 61.8 54.3 76.9 63.6 54.5 68.1 60.4

:_é RoTTA [47] 479 54.0 49.4 473 67.0 553 483 69.5 56.7 47.8 65.5 55.0

O SoTTA[12] 54.4 533 52.8 53.6 70.3 60.7 54.4 70.8 61.4 53.9 68.4 60.1
OWTTT [25] 47.1 70.3 56.2 53.9 743 62.3 54.5 735 62.5 54.2 68.5 60.4
Tent [40] 479 55.8 51.2 54.4 70.4 61.2 554 724 62.7 55.0 68.6 60.9
SAR [31] 575 88.6 68.9 59.2 65.2 61.9 60.5 735 66.3 60.8 72.1 65.9
STAMP [46] 57.9 98.4 72.8 63.7 82.1 71.7 63.7 82.6 71.9 63.9 75.5 69.2

Tent + Hi-Vec 549 +024a 682 +024 60.1 £024 547 £024 739 £024 623 +024 57.1 024 72.7 £024 63.9 £024 553 £0.14 69.9 £0.14 61.1 £0.14
SAR + Hi-Vec 579 £0.14 892 £0.14 69.4 £0.14 549 +0.14 734 +014 62.8 £0.14 60.9 £024 73.9 £024 66.7 £024 62.1 £0.14 74.4 £0.14 68.4 +£0.1 A
STAMP + Hi-Vec 58.2 £0.1 A 89.6 +0.1 A 73.5 £0.1 A 64.4 0.1 A 82.5 +0.1 A 72.1 +0.1 A 63.8 +0.2 A 82.5 +024 72.0 +0.2 A 64.6 +0.1 A 75.8 +0.1 A 70.4 +0.1 A

Table 4. Results on adaptation with outlier datasets using Cifar-10-C and Cifar-100-C as target datasets with four outlier datasets. We
report the baselines and use evaluation metrics as provided by Yu et al. [46] with ResNet-18. Our results are averaged over fine runs. Hi-Vec
consistently improves performance (indicated by A) over the common methods and is the top-performer (bold)

Dataset Methods Acc (%) ‘Worst-Group Acc (%)

Source 63.40 20.05

o MRL [22] 85.24 6031

1] Tent [40] 57.06 9.80

E MEMO [49] 63.77 6.23

E SENTRY [35] 63.23 1578

£ EATA [30] 60.81 17.98

=

© SAR [32] 5837 1236
DeYO [23] 78.24 67.39
SAR + Hi-Vec 6271 403 A 15.68 £0.3 A
DeYO + Hi-Vec 7953 £02 A 68.62 £02 A
Source 83.16 64.90
MRL [22] 85.24 6031

3 Tent [40] 82.95 54.14

& MEMO [49] 8234 50.47

Bl SENTRY [35] 85.77 60.90

g EATA [30] 8238 5238
SAR [32] 82.60 5341
DeYO [23] 87.42 73.92
SAR + Hi-Vec 8325403 A 55.61 03 A
DeYO + Hi-Vec  89.53 £02 A 7723 £02 A

Table 5. Results for spurious correlation
datasets using ColoredMNIST and Water-
Birds with ResNet-18. We report baselines
provided by [23]. Our results are averaged
over five runs. Hi-Vec improves (A ) the
common methods and performs the best
(bold).

Places365-C Textures-C

Methods ACC AUC H-score ACC AUC H-score
Source 18.2 61.6 26.1 18.2 54.6 25.8
MRL [22] 18.4 61.9 283 18.4 54.6 274

BN Stats [29] 31.1 67.7 41.1 31.6 612 40.7
EATA [30] 46.4 72.6 56.0 46.4 622 52.8
CoTTA [41] 33.8 66.9 43.5 342 60.7 42.8
RoTTA [47] 36.6 68.6 46.5 37.0 65.3 46.5
SoTTA [12] 41.7 67.8 50.7 41.8 60.3 48.8
OWTTT [25] 9.1 54.0 13.9 9.4 59.4 14.6

Tent [40] 349 51.8 395 39.0 48.6 42.0
SAR [31] 44.9 733 55.0 45.6 67.0 54.0
STAMP 46.4 71.7 57.6 46.5 71.9 56.2

Tent + Hi-Vec 354 +£04 A 520104 A 4211044 3941034 5911034 4724034
SAR + Hi-Vec 453 £02 A 738 £02 A 56.1 £02 A 462+03 A 674 +03 A 548 £+034A

STAMP + Hi-Vec 469 03 A 779 +03 A 585+03A 468 £02A 7174024 566102 A

Table 6. Results on adaptation with outlier datasets using Imagenet-C with
Places365-C and Textures-C as outlier datasets and ResNet-50. We report baselines
and use evaluation metrics as provided by [46]. Our results are averaged over
five runs. The conclusion is similar, improvement (A) over common methods and
performs the best (bold).
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