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Abstract

Although recent years have witnessed significant advance-
ments in medical image segmentation, the pervasive issue of
domain shift among medical images from diverse centres hin-
ders the effective deployment of pre-trained models. Many
Test-time Adaptation (TTA) methods have been proposed
to address this issue by fine-tuning pre-trained models with
test data during inference. These methods, however, often
suffer from less-satisfactory optimization due to suboptimal
optimization direction (dictated by the gradient) and fixed
step-size (predicated on the learning rate). In this paper, we
propose the Gradient alignment-based Test-time adaptation
(GraTa) method to improve both the gradient direction and
learning rate in the optimization procedure. Unlike conven-
tional TTA methods, which primarily optimize the pseudo
gradient derived from a self-supervised objective, our method
incorporates an auxiliary gradient with the pseudo one to fa-
cilitate gradient alignment. Such gradient alignment enables
the model to excavate the similarities between different gra-
dients and correct the gradient direction to approximate the
empirical gradient related to the current segmentation task.
Additionally, we design a dynamic learning rate based on the
cosine similarity between the pseudo and auxiliary gradients,
thereby empowering the adaptive fine-tuning of pre-trained
models on diverse test data. Extensive experiments establish
the effectiveness of the proposed gradient alignment and dy-
namic learning rate and substantiate the superiority of our
GraTa method over other state-of-the-art TTA methods on a
benchmark medical image segmentation task.

Code — https://github.com/Chen-Ziyang/GraTa

Introduction

Medical image segmentation assumes a pivotal role in
computer-aided diagnosis, offering precise delineation of
specific anatomical structures. Over the past years, consid-
erable research efforts (Tajbakhsh et al. 2020; Salpea, Tzou-
veli, and Kollias 2022; Liu et al. 2020; Wang et al. 2022;
Tang et al. 2023; Xu et al. 2024) have been devoted to med-
ical image segmentation utilizing deep-learning techniques,
resulting in significant progress. However, domain shift, pri-
marily caused by variations in scanners, imaging protocols,
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and operators (Gibson et al. 2018; Ghafoorian et al. 2017),
poses challenges for these models pre-trained on the labeled
dataset (source domain) to generalize across different medi-
cal centers (target domain).

Test-time adaptation (TTA) has emerged as a prospec-
tive paradigm to mitigate domain shift with minimal data
demand, relying only on test data during inference. Sev-
eral studies on TTA attempt to alleviate the domain shift
by modifying the statistics stored in batch normalization
(BN) layers (Wang et al. 2023b; Nado et al. 2020; Mirza
et al. 2022; Zhang et al. 2023; Park et al. 2024). A typi-
cal example is DUA (Mirza et al. 2022), which incremen-
tally adjusts the statistics within BN layers from the source
to the target domain to enhance feature representations.
Although these methods improve adaptation, their perfor-
mance potential is limited since the model’s parameters re-
main fixed. The mainstream TTA methods focus on design-
ing self-supervised objectives (e.g., entropy minimization,
consistency constraint, and rotation prediction) to fine-tune
the pre-trained models to boost their generalization perfor-
mance on the target domain (Wang et al. 2021; Sun et al.
2020; Zhang et al. 2023; Niu et al. 2023; Nguyen et al.
2023; Sinha et al. 2023; Yang et al. 2022; Bateson, Lom-
baert, and Ben Ayed 2022; Wen et al. 2024). For instance,
TENT (Wang et al. 2021) introduces an entropy minimiza-
tion objective to TTA to optimize the affine-transformation
parameters of pre-trained models, and TTT (Sun et al. 2020)
updates the model parameters by predicting the rotation an-
gle of test data in a self-supervised manner.

However, all these methods, based on gradient descent,
overlook two critical elements in the optimization proce-
dure: the direction and the step-size. The ith optimization
procedure of the pre-trained model with parameters 6 can
be formulated as 6,11 < 0; — NV L,s.(8;), where 7 is the
learning rate, and V.L,,. denotes the gradient produced by
the self-supervised objective function, called pseudo gradi-
ent. Obviously, the optimization direction is determined by
V Lpse(0;), and the optimization step-size depends on 7.

In Figure 1(a), we displayed two gradients: an empiri-
cal gradient, customized for the specific task (segmentation
in this study) using provided labels and not encountered in
the TTA setup; and a pseudo gradient, primarily employed
for fine-tuning pre-trained models in existing TTA meth-
ods. Ideally, the pseudo gradient should exhibit a direction
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Figure 1: Illustration of our motivation. (a) We display a pseudo gradient V £, (6), which is primarily utilized for optimization
but may diverge far from the empirical gradient VL., (6), tailored to the specific task (segmentation in this study). Existing
methods typically optimize VL, () in a straightforward manner. (b) Our GraTa introduces an auxiliary gradient V £, (6)
to minimize the angle between VL. (0) and VL, (0), resulting in a novel auxiliary objective, i.e., gradient alignment. (c)
Although achieving complete alignment is challenging due to the different objectives of these two gradients, the model can
learn to align their task-relevant components V- through this auxiliary objective, approximating V L., () and facilitating
effective fine-tuning. £ denotes the angle. ‘Obj’: Abbreviation of ‘Objective’.

similar to the empirical gradient. Unfortunately, due to the
lack of reliable supervision, their directions may differ sig-
nificantly, posing challenges to model optimization. Current
TTA methods simply optimize the pseudo gradient, failing
to address this issue. Moreover, concerning the learning rate,
almost all these methods employ a fixed value, thereby re-
stricting the pre-trained models from being adaptively fine-
tuned on diverse test data.

In this paper, we focus on optimizing both the optimiza-
tion direction and the learning rate. We propose a novel
TTA method, namely Gradient alignment-based Test-time
adaptation (GraTa). GraTa aims to improve the gradient di-
rection through gradient alignment and enables pre-trained
models to adapt to test data using a dynamic learning rate.
As shown in Figure 1(b), we incorporate a new auxiliary
objective, i.e., gradient alignment, by introducing an aux-
iliary gradient to the pseudo one. Specifically, we employ
the consistency loss to produce the pseudo gradient, while
leveraging the gradient derived from the entropy loss as the
auxiliary one. The entropy loss is computed on the origi-
nal test data. The consistency loss is conducted on the weak
and strong augmentation variants of the test data. Through
alignment, the model is capable of excavating the similar-
ities between distinct gradients, especially the components
relevant to the current segmentation task, and approximat-
ing the empirical gradient (see Figure 1(c)). Furthermore, we
also present a dynamic learning rate, which is inversely pro-
portional to the angle between these two gradients, to adap-
tively fine-tune the pre-trained models. A larger angle im-
plies greater conflict in the optimization of the two gradients,
thus requiring a smaller learning rate, and vice versa. Exten-
sive experiments demonstrate that our GraTa achieves a su-
perior performance over other state-of-the-art TTA methods.

Our contributions are three-fold: (1) we rethink the op-
timization procedure in existing TTA methods and propose
GraTa to improve both the optimization direction and step-
size; (2) we align the pseudo and auxiliary gradients, aimed
at distinct objectives, to reduce the divergence of their task-
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specific components, thereby improving the optimization
direction; and (3) we design a variable learning rate con-
sidering the angle between distinct gradients, aiding in the
dynamical determination of the optimization step-size for
adaptive fine-tuning.

Related Work

Test-time Adaptation

Test-time Adaptation (TTA) addresses domain shift by
adapting the pre-trained source model to the distribution of
the target domain using test data during inference (Liang,
He, and Tan 2024). TTA can be employed in a source-
free and online manner, allowing the model to adapt with-
out accessing the source data. The mainstream TTA meth-
ods are based on fine-tuning the model by constructing
self-supervised auxiliary tasks to guide the model in train-
ing on the test data, enhancing its performance and adapt-
ability (Wang et al. 2021; Sun et al. 2020; Zhang, Levine,
and Finn 2022; Iwasawa and Matsuo 2021; Nguyen et al.
2023; Niu et al. 2023; Yang et al. 2022; Zhang et al. 2023;
Wen et al. 2024). (Wang et al. 2021) proposed a test-
time entropy minimization scheme to decrease the entropy
of model predictions by fine-tuning the affine parameters
within batch normalization layers. (Zhang et al. 2023) ex-
tended the vanilla entropy minimization loss to a generalized
one to better utilize the information in the test data. (Niu
et al. 2023) filtered and removed partial noise with large
uncertainty in the supervised information and employed
sharpness-aware minimization to optimize the parameters of
the model toward a flat minimum. These methods demon-
strate effective adaptation when the supervised information
is reliable but may lead to unexpected performance degra-
dation when the supervised information is unreliable. In this
paper, our purpose is to improve the optimization direction
and step-size by gradient alignment and dynamic learning
rate, respectively. After aligning the gradients, we can ob-
tain more reliable supervised information, thereby facilitat-
ing more effective training of the source model.



Gradient Alignment

In deep learning, the objective function serves as a mea-
sure to quantify the discrepancy between a model’s predic-
tion and the expected output. Objective functions with sim-
ilar gradients generally indicate similar objectives and con-
tribute to robust training, which is particularly important in
multi-task learning. A typical approach in multi-task learn-
ing is PCGrad (Yu et al. 2020), which is developed to miti-
gate gradient conflicts between task gradients via replacing
the gradient by its projection onto the normal plane of an-
other gradient. In contrast, our optimization objective does
not involve resolving conflicts between multiple gradients,
as it does not directly optimize multiple gradients simultane-
ously. Instead, the goal of our GraTa is to improve the direc-
tion of pseudo gradient, thereby enhancing the model’s fine-
tuning process. Recently, many methods seek to align the
gradients of multiple objective functions to improve train-
ing (Gao et al. 2021; Dandi, Barba, and Jaggi 2022; Joo
et al. 2023; Le and Woo 2024; Zhao et al. 2023, 2021).
(Gao et al. 2021) devised a gradient discriminator to align
the gradients from the source and target domains to improve
the similarity between two distributions for better adversar-
ial domain adaptation. (Dandi, Barba, and Jaggi 2022) pro-
posed an algorithm for federated learning that induces the
implicit regularization to promote the alignment of gradi-
ents across different clients. (Joo et al. 2023) presented to
combine both L2 and cosine distance-based criteria as reg-
ularization terms, leveraging their strengths in aligning the
local gradient to produce more robust interpretations. Dif-
ferent from these methods, we implicitly perform gradient
alignment to capture the similarity between gradients of two
distinct objective functions to improve the gradient direction
for test-time adaptation.

Dynamic Learning Rate

The learning rate is a critical hyperparameter in deep learn-
ing, as it determines the step-size to update the model. An
excessively large learning rate may hinder the model’s con-
vergence, while an excessively small learning rate may make
the model trapped in local optima. Extensive research has
been conducted to dynamically adjust the learning rate to
enhance model training (Yang et al. 2022; Xiao and Zhang
2021; Wan et al. 2021; Xiong et al. 2022; Yu, Chen, and
Cheng 1995). (Yang et al. 2022) presented a dynamic learn-
ing rate by constructing a memory bank and calculating the
cosine similarity scores between the feature of the current
test image and previous features from the memory bank.
(Xiao and Zhang 2021) devised the dynamic weighted learn-
ing to dynamically weights the learning losses of alignment
and discriminability to avoid excessive alignment learning
and excessive discriminant learning. (Xiong et al. 2022) pro-
posed a graph-network-based scheduler to learn a specific
scheduling mechanism without restrictions and control the
learning rate via reinforcement learning. In this paper, our
focus is on enhancing the optimization direction by aligning
two distinct gradients. The cosine similarity between these
two gradients can be employed as a natural metric to mea-
sure the degree of alignment, allowing our GraTa to adjust
the learning rate dynamically.
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Method
Problem Definition

Let the labeled source domain dataset and unlabeled testing
target dataset be D* = {Xis,yf}f.\:l and Dt = {Xit}?il,
respectively, where X € RH*WXC ig the i-th image with
C channels and size of H x W, and Y is its label. Our
goal is to fine-tune the model fy : X — ) pre-trained on
D using X! to adapt to D*. An overview of our GraTa is
illustrated in Figure 2. Now we delve into the details.

The Objective of GraTa

In this study, we introduce the entropy loss L.,,; as the aux-
iliary objective function to align with the consistency loss
Lcon- Our GraTa aims at minimizing not only £.,,, but also
the angle between gradients derived from L., and L., for
gradient alignment. L., is calculated on the prediction P;
of original test data X} as follows:

Lent(0; X]) = —Pilog Py, P; = Sigmoid(fo(X})). (1)

L con is conducted on the set of weak augmentation variants
Si = {X5|X]; = Augl,(X})}S_, and the strong augmenta-

tion variant X} = Aug,(X}) as follows:

Econ(e; Xf) = lce(piypi)ypi = SngOZd(fﬂ()Eyt))7

6
b, = % Z Sigmoid(fe()eig))a ”

Jj=1

where [.. denotes the cross-entropy loss. The weak aug-
mentation strategy Aug,, consists of six augmentation tech-
niques: identity mapping, horizontal flipping, vertical flip-
ping, rotation 90°, 180°, and 270°. We sequentially ap-
ply each Aug) to X! to obtain S. The strong augmenta-
tion strategy Augs incorporates brightness adjustment, con-
trast adjustment, Gamma transformation, Gaussian noise,
and Gaussian blur. X} is transformed to X} utilizing all of
these techniques.
Then the overall objective can be formulated as

it Loon (0; X) + Z(V Leon (0: X]), VLent (6: X)) 3)

where / denotes the angle. However, the angle is non-
differentiable and cannot be directly minimized, and a com-
mon solution is to maximize the inner product of these
two gradients (Wang et al. 2023a), i.e., VLo, (0; X)) -
VLent(0; X). Unfortunately, calculating the inner prod-
uct explicitly will introduce the calculation of the Hessian
matrix during back-propagation, which is computationally
complex and unstable. Inspired by (Li et al. 2018), we
rewrite the objective to implicitly maximize the inner prod-
uct as follows:

mein Lcon(e,; Xit)a (4)

where 0" = 0 — VL (0 x}).
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Figure 2: Overview of our GraTa. For each test image, we first calculate the entropy loss on its prediction to update the pre-
trained model fy by 0" = 0 — VLens. Then we perform weak and strong augmentation on the original test image to obtain
a strong augmentation variant and a set of weak augmentation variants and calculate the consistency loss on their predictions
produced by f, . Finally, the consistency loss is utilized to fine-tune the model by 0* < 60 — nV L,,,, and the test image is fed

into fy« for inference.

Proof. For Eq. 4, we perform the first-order Taylor expan-
sion around @ as follows:

Hbin ﬁcon (9 — vﬁent(e; Xit); th)
:Hgn ﬁcon(0§ Xit) - VLcon(a; Xit) : v‘cent(e; Xit) +0
~ Hgn Econ (9, Xit) — Vﬁc(m (0, th) . V;Cent(o; Xit)v
(5)

where O denotes the remainder term, which can be omitted.
Then, the objective in Eq. 4 can be rewritten as:

min Leon (6 ) = VLeon (63 X)) - VLent (6;XF). (6)

Eq. (6) reveals that our objective is to minimize Lon (0; X})
and maximize the inner product of these two gradients.
AS VLon(0; X)) and VLept (0; X)) become more closely
aligned, their inner product increases, reaching the maxi-
mum when they are completely aligned.

Dynamic Learning Rate

We design a dynamic learning rate n for adaptive fine-
tuning. 7 is determined based on the cosine similarity be-

Algorithm 1: The Algorithm of GraTa.

Initialize : Pre-trained source model fs, and scaling factor

Input: For each time step ¢ (starting from 0), current test
image X7}
> Fine-tune the model:
1: Calculate Len:(0:; XF) by Eq. (1) and perform
back-propagation
2: Update the model by 0, = 0; — YV Lent(0:; X7)
3: Calculate Leon (0;; X) by Eq. (2) and perform
back-propagation
4: Obtain 7 utilizing S through Eq. (5)
5: Fine-tune the model by 6; 1 < 0; — nV Leon (0;; XF)
> Inference:
6: Forward P; = fo, , (X})
Output: Adapted prediction P;

tween VL eon (03 XF) and VL, (6; X}), formulated as:
v£c0n(9/§ Xit) - VLent (9a Xit) )
IV Leon (05 Xit)H [V Lent (0 th)” 7

where 3 is a scaling factor, and Cus(z) = (z + 1)%is a
custom increasing activation function to map the cosine sim-

)

n = Bx* Cus(
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ilarity to [0, 1]. As the cosine similarity increases, the opti-
mization directions of ¥V Lo (0'; X!) and V Lot (0; X7) be-
come more aligned, thus assigning a larger learning rate, and
conversely. The overall process of our GraTa is summarized
in Algorithm 1.

Experiments and Results
Datasets and Evaluation Metrics

We evaluate our proposed GraTa and other state-of-the-art
TTA methods on the joint optic disc (OD) and cup (OC)
segmentation task, which comprises five public datasets col-
lected from different medical centres, denoted as domain
A (RIM-ONE-r3 (Fumero et al. 2011)), B (REFUGE (Or-
lando et al. 2020)), C (ORIGA (Zhang et al. 2010)), D
(REFUGE-Validation/Test (Orlando et al. 2020)), and E
(Drishti-GS (Sivaswamy et al. 2014)). These datasets con-
sist of 159, 400, 650, 800, and 101 images, respectively. For
each image, we cropped a region of interest (ROI) centered
at the OD with a size of 800 x 800, and each ROI is further
resized to 512 x 512 and normalized by min-max normal-
ization following (Hu, Liao, and Xia 2022). We utilize the
Dice score metric (D SC") for evaluation.

Implementation Details

We trained a ResUNet-34 (He et al. 2016) backbone follow-
ing (Hu, Liao, and Xia 2022) as the baseline individually
on each domain (source domain) and subsequently tested it
on each remaining domain (target domain), computing the
mean metrics to evaluate all the methods across diverse sce-
narios (4 x 5 in total). For a fair comparison, we conducted
single-iteration adaptation for each batch of test data using a
batch size of 1 across all experiments following (Yang et al.
2022). To deploy our GraTa, we utilized the Adam (Kingma
and Ba 2014) optimizer to train the affine-transformation
parameters within pre-trained models, and the BN statistics
were recollected from test data following (Wang et al. 2021).
The scaling factor 3 is set to 0.0001 empirically.

Results

We compare our GraTa with the ‘No Adapt’ baseline (test-
ing without adaptation), and eight competing TTA methods,
including three methods based on refining the BN statis-
tics (DUA (Mirza et al. 2022), DIGA (Wang et al. 2023b),
and MedBN (Park et al. 2024)), and five methods based
on fine-tuning the pre-trained models (TENT (Wang et al.
2021), DLTTA (Yang et al. 2022), DomainAdaptor (Zhang
et al. 2023), SAR (Niu et al. 2023), and DeTTA (Wen
et al. 2024)). Specifically, we re-implemented all competing
methods using the same baseline as our GraTa and integrated
DLTTA with the entropy loss proposed in TENT (Yang et al.
2022). The result of each domain is the average metric cal-
culated by treating the current domain as the source domain
and employing the pre-trained model on remaining domains.
Comparing to other TTA methods. The results of our
GraTa, the “No Adapt” baseline, and eight competing TTA
methods are detailed in Table 1. The BN-based methods
exhibit stable but suboptimal enhancements across all do-
mains due to the absence of model updating. TENT exhibits
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limited performance, while other variants (i.e., DLTTA, Do-
mainAdaptor, and SAR) enhance the performance signifi-
cantly. It can be observed that our GraTa achieves the best
performance across most scenarios and improves the base-
line by 5.87%, which demonstrates the effectiveness and su-
periority of our GraTa. Specifically, our GraTa boosts the
performance in Domain D by 12.77%, while other methods
exhibit marginal improvement, which means our approach
extends the upper limit of TTA in challenging scenarios.
Ablation study. To evaluate the contributions of our op-
timization objective and dynamic learning rate, we con-
ducted a series of ablation experiments, as shown in Ta-
ble 2. It shows that (1) using Lo, (6; X)) only obtains lim-
ited performance similar to TENT; (2) introducing L., (6 —
VLent(0; X1); X!) and n enhances the performance by
2.14% and 2.81%, respectively; (3) the best performance is
achieved when both are utilized jointly (i.e., our GraTa).
Qualitative analysis. We selected the model trained on Do-
main D (source) as a case study and visualized four test im-
ages from four scenarios, denoted as “D — target domain,”
along with their corresponding segmentation results pro-
duced by our GraTa method, eight competing methods, and
the ground truth, as shown in Figure 3. The regions of OD
and OC are highlighted in green and blue, respectively. For
comparative purposes, we drew the bounding boxes of the
OD and OC on the ground truth and overlaid them on each
segmentation result. Compared to other competing meth-
ods, our GraTa demonstrates reduced over-segmentation and
under-segmentation across all samples, indicating the effec-
tiveness of the improved optimization procedure.

Discussions

Exchange the Location of L.,,, and L.,;. It is particularly
critical to determine which objective function is the optimal
one to produce the pseudo gradient. We exchanged the lo-
cation of L., and L.,; in our objective and repeated the
experiments for evaluation. The results are listed in Table 3.
Compared to TENT which optimizes Le,+(6; X}) only, the
variant of our GraTa using Lep¢ (0 — VLeon (0; X}); X}) as
the optimization objective and 7 as the learning rate also
boosts the performance. Our GraTa achieves the best per-
formance, which demonstrates that £,,, is more suitable to
produce the pseudo gradient due to its superior supervision.
Obtain 7 using other activation functions. To ascertain the
optimal activation function for mapping the cosine similarity
to obtain 7, we conducted experiments using various activa-
tion functions and listed the results in Table 4. It reveals that
(1) our designed function achieves superior performance to
others by amplifying the distinctions among learning rates
generated by diverse cosine similarity scores; (2) ReLU ex-
hibits the worst average performance which underscores the
necessity of assigning appropriate learning rates for fine-
tuning even if distinct gradients diverge largely.

Alignment between the empirical and pseudo gradients.
To demonstrate that GraTa can align the empirical gradient
and pseudo gradient more closely, we repeated the experi-
ments on all scenarios and visualized the cosine similarity
between these two gradients, where the empirical gradient is
produced by the cross-entropy loss in a supervised manner,



Methods Domain A Domain B  Domain C Domain D Domain E | Average
DSC DSC DSC DSC DSC DSC T
No Adapt 67.96 76.71 74.71 54.07 68.88 68.47
DUA (Mirza et al. 2022) 73.10 77.10 75.34 58.62 72.99 71.43
BN-based DIGA (Wang et al. 2023b) 76.57 77.10 73.64 62.04 71.54 72.18
MedBN (Park et al. 2024) 75.14 76.77 74.46 59.91 72.00 71.65
TENT (Wang et al. 2021) 74.06 78.55 74.56 51.45 69.66 69.65
DLTTA (Yang et al. 2022) 75.19 78.48 76.37 57.50 71.35 71.78
Fine-tune-based | DomainAdaptor (Zhang et al. 2023) 75.88 77.43 75.66 58.64 72.38 72.00
SAR (Niu et al. 2023) 75.26 78.07 75.07 61.24 73.69 72.67
DeTTA (Wen et al. 2024) 75.15 78.17 75.27 61.26 73.61 72.69
GraTa (Ours) 76.61 78.81 76.52 66.84 72.94 74.34

Table 1: Performance of our GraTa, ‘No Adapt’ baseline, and eight TTA methods. The best results are highlighted in bold.

Objective Learning Rate Domain A Domain B Domain C Domain D Domain E | Average
DSC DSC DSC DSC DSC DSC T
- - 67.96 76.71 74.71 54.07 68.88 68.47
Leon(0; X)) B 78.35 78.50 69.24 52.13 68.74 69.39
Leon(0 = VLent (0; X1); X ] 77.97 78.77 73.90 56.53 70.46 71.53
Leon(0 =V Leni(0; XF); XF n 76.61 78.81 76.52 66.84 72.94 74.34

Table 2: Performance of using various objectives and learning rates for optimization. The best results are highlighted in bold.

DIGA

MedBN TENT DLTTA  DomainAdaptor SAR DeTTA GraTa (Ours) Ground Truth

Figure 3: Qualitative results of our GraTa and eight TTA methods using Domain D as the source domain and remaining domains
as target domains. We displayed the results of two simple samples (rows 1-2) and two hard samples (rows 3-4). The ground-truth
bounding boxes of OD and OC were overlaid on each segmentation result to highlight potential over- or under-segmentation.
Best viewed in color.

Optimization Objective Learning Rate Domain A Domain B Domain C  Domain D Domain E | Average
DSC DSC DSC DSC DSC DSC T
Lent(0; XF) 53 74.06 78.55 74.56 51.45 69.66 69.65
Leni(0 = VLeon(0; X]); XF Ui 74.69 78.46 75.60 56.75 71.86 71.47
Leon(0 =V Leni (0; X]); X] 7 76.61 78.81 76.52 66.84 72.94 74.34

Table 3: Performance of TENT, our GraTa, and its variant. The best results are highlighted in bold.

as shown in Figure 4. We reported the average results using improvements can lead to significant performance gains.
each domain as the source domain and remaining ones as tar-
get domains. The greater the cosine similarity, the closer the
pseudo gradient aligns with the empirical gradient. The re-
sults reveal the effectiveness of our GraTa in improving gra-
dient direction and also indicate that even small alignment

More combinations of objective functions. For further
discussion, we introduced four additional loss functions,
i.e., the reconstruction loss, the rotation prediction loss, the
super-resolution loss, and the denoising loss. We utilized the
cross-entropy loss to calculate the rotation prediction loss
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Figure 4: Cosine similarity between the pseudo gradient and empirical gradient w/ or w/o our proposed gradient alignment. The
objectives of “TENT” and “TENT w/ Align” are L, (60; X)) and Lent (0 — V Leon (0; X}); X}), respectively.

Function Do.A Do.B DonC Do.D Do.E | Average
DSC DSC DSC DSC DSC | DSCT
Linear: %(z +1) 7715 7911 < 76.07 63.79 7242 | 73.71
Sigmoid: 1 1, 7731 79.04 76.01 64.69 72.10 | 73.83
ReLU: max(0, ) 7592 7829 7516 62.14 73.07 | 7292
Softplus: In (1 +¢€%) | 77.60 7881 7544 63.04 71.68 | 73.32
Ours: %(17 +1)2 76.61 7881 76.52 66.84 7294 | 74.34

Table 4: Performance of using different activation functions
to map the cosine similarity. e denotes the natural base. The
best results are highlighted in bold.

and the mean-square-error loss to calculate others. To con-
struct the super-resolution loss, we downsampled the input
image by a factor of four. For the denoising loss, we added
the Gaussian noise sampled from a standard normal distribu-
tion to the image. We evaluated all possible combinations of
them to determine the optimal one and displayed the results
in Table 5. It reveals that (1) using L., as the pseudo ob-
jective function achieves superior performance over others;
(2) using Lyec, Lrots Lsups 0F Lgen as the pseudo objec-
tive function results in similar but suboptimal performance
since they all require an additional branch to construct the
loss, making it challenging to provide appropriate gradients
during inference; (3) using Lyec, Lrots Lsups OF Len as the
auxiliary objective function can enhance the performance of
Leon and L, demonstrating the effectiveness of GraTa.

Conclusion

In this paper, we proposed the GraTa, a TTA method to fo-
cus on optimizing the optimization direction and step-size
during inference by gradient alignment and utilizing a dy-
namic learning rate, respectively. Specifically, we introduced
an auxiliary gradient to the pseudo one to perform alignment
to excavate the similarities between distinct gradients and
further approximate the empirical gradient. The dynamic
learning rate is constructed based on the cosine similarity be-
tween the pseudo and auxiliary gradients, encouraging pre-
trained models to enhance learning as these gradients be-
come closely aligned. Extensive experiment results on di-
verse scenarios demonstrated the superiority of our GraTa
and the effectiveness of each special design. In our future

2435

Aux | Pse Do.A Do.B Do.C Do.D Do.E | Average
) DSC  DSC DSC DSC DSC | DSC?T
Lent 76.61 7881 76.52 66.84 72.94 | 74.34
rec 76.76 7894 7474 66.43 72.19 | 73.81
Lrot | Leon | 76.58  79.02 7439 67.90 7253 | 74.08
Lsup 76.68 78.99 7432 67.82 7231 | 74.02
den 76.71 7894 7511 65.18 72.26 | 73.64
con 74.69 78.46 75.60 56.75 71.86 | 71.47
rec 75.27 7854 76.36 60.29 70.97 | 72.28
Lrot | Lene | 7519 7854 76.34 56.29 70.78 | 71.43
Lsup 7520 7853 76.53 5741 70.79 | 71.69
den 7537 7852 76.67 ©59.38 70.72 | 72.13
Lecon 75.18 77.85 75.13 6233 T73.71 | 72.84
ent 74.47 7774 7471 59.64  73.49 | 72.01
Lrot | Lrec | 75.74 7804 75.12 60.13 7391 | 72.59
Lsup 74.58 77.51 7491 6299 73.67 | 72.73
den 75.44 77.82 75.66 60.12 73.73 | 72.55
Lecon 75.31  78.01 75.02 61.66 T73.81 | 72.76
ent 75.37 7817 75.07 62.14 73.75 | 72.90
Lrec | Lrot | 7519 7810 74.39 61.57 73.78 | 72.60
Lsup 75.31  78.08 75.95 6124 73.73 | 72.86
den 75.27 7821 74.84 6156 73.65 | 72.70
Lecon 75.36  78.17 75.27 6149 73.77 | 7T2.81
Lent 75.51 77.86 74.67 59.23 73.47 | 72.15
Lrec | Loup | 7526 78.09 74.53 59.78 73.66 | 72.27
rot 75.17  T7.87 7492 5848 73.75 | 72.04
Laen 74.94 7791 74.83 60.65 73.63 | 72.39
Lecon 75.34  78.02 7447 61.74 T73.71 | T72.66
Lent 75.20 7744 7477 59.22 73.38 | 72.00
Lrec | Lien | 7540 78.09 7451 60.71 73.59 | 72.46
rot 75.32  T7.71 76.49 5530 73.44 | 71.65
Lup 75.48 77.87 75.08 59.82 73.68 | 72.38

Table 5: Performance of various optimization objective com-
binations, where Lcon, Lent, Lrees Lrots Lsups Lden de-
note the consistency loss, the entropy loss, the reconstruc-
tion loss, the rotation prediction loss, the super-resolution
loss, and the denoising loss, respectively. The best results
are highlighted in bold. ‘Aux’: Abbreviation of ‘Auxiliary’.
‘Pse’: Abbreviation of ‘Pseudo’.

work, we intend to explore the alignment of other auxiliary
gradients to further enhance performance, as well as investi-
gate other deployment scenarios, such as continual test-time
adaptation (Chen et al. 2024). We hope that our efforts can
promote research on gradient optimization for TTA.
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