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Abstract

Multi-task test-time adaptation (MT-TTA) aims to adapt pre-
trained models to dynamic environments during multi-task
inference by leveraging unlabeled test data. This task is par-
ticularly challenging as different tasks respond divergently to
distribution shifts, and mixed input streams containing both
in-distribution (ID) and out-of-distribution (OOD) samples
make the models after test-time adaptation prone to catas-
trophic forgetting of ID knowledge. Although the existing
methods like M-TENT extend the classic test entropy min-
imization (TENT) by minimizing multi-task entropies and
employing task-average gradient to adapt a model, it suffers
from two key limitations: 1) the average gradient strategy
proposed by M-TENT may exacerbate multi-task test-time
optimization conflicts, harming individual tasks when gradi-
ents are directionally non-consensual; 2) aggressive updates
on mixed ID/OOD data cause severe forgetting of ID knowl-
edge. In this paper, we theoretically establish a formal con-
nection between multi-task loss differences and test-time per-
formance under the first-order Taylor analysis, demonstrating
that consensual multi-task entropy reductions are likely to in-
crease the performance, while non-consensual ones might de-
crease the performance. To this end, we propose Consensus-
driven Constrained Multi-Task Test-Time Adaptation (CoCo-
MT-TTA), consisting of 1) multi-task gradient consensus
adaptation, which aligns cross-task gradient directions to seek
a consensus gradient; 2) multi-task plasticity-constraint adap-
tation, which constrains parameter updates using second-
moment statistics to preserve ID knowledge. Extensive exper-
iments on benchmark datasets, including CelebA and Plant-
Data, demonstrate that our method achieves an absolute im-
provement of up to 16.02% in mean ID/OOD F1-score (Mean
1&0O) under domain shifts over non-adapted models, outper-
forming the recent baselines.

Code — https://github.com/leatheavy/MT-TTA

1 Introduction

Multi-task pre-trained models have been widely deployed
on edge computing devices, such as enabling simultane-
ous execution of various tasks, including face recognition,
scenery classification, background segmentation, and other
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Figure 1: Experiments on CelebA with domain shifts of
Gaussian and Shot noise. The X-axis denotes the test-time
adaptation steps of performing M-TENT (Chatterjee et al.
2024) on tested samples. The figure shows a relationship be-
tween the relative change of task-specific loss (entropy) and
F1 score on distribution shifts, i.e., consensual multi-task en-
tropy reductions are likely to increase the performance while
non-consensual ones might decrease the performance. An
increase in performance is represented by a solid line, and a
decrease is represented by a dashed line. The mixed positive
and negative values of the bars indicate a conflict in the di-
rection of the multi-task loss differences.

tasks simultaneously (Ranjan, Patel, and Chellappa 2017;
Chen et al. 2025). However, in inference stages, the per-
formance of these models can significantly degrade due to
distributional shifts, such as illumination changes or sensor
noise. This presents a critical obstacle to the reliability of
multi-task models in real-world applications.

Test-time adaptation (TTA) methods aim to adjust mod-
els in response to distributional shifts under unlabeled and
resource-limited environments for a single task. For in-
stance, test entropy minimization (TENT) (Wang et al. 2021)



adjusts a pre-trained model by optimizing the entropy of test
samples during adaptation for image classification. In con-
trast, multi-task test-time adaptation (MT-TTA) can lever-
age the shared feature space across tasks to extract more
generalizable knowledge representations. This shared induc-
tive bias improves the model’s robustness under previously
unseen shifts. Moreover, overfitting during adaptation can
cause models to forget robust features learned during pre-
training, leading to unpredictable behavior. For example, in
autonomous driving, adapting a model to road scenes under
thunderstorm conditions might cause it to forget how to rec-
ognize road conditions in sunny weather. Therefore, it is es-
sential to retain knowledge from the source (in-distribution,
ID) domain to ensure stable and controllable behavior under
continuous, open-world shifts.

To this end, we aim to tackle the problem of MT-TTA,
which involves concurrently adapting to multiple out-of-
distribution (OOD) target domains while preserving knowl-
edge from the source domain, all under the constraints of un-
labeled data and limited computational resources. Recently,
M-TENT (Chatterjee et al. 2024) extends TENT (Wang et al.
2021) to the multi-task setting and minimizes the average of
overall task entropies, which faces two major challenges in
MT-TTA: (1) Different tasks exhibit varying sensitivities to
domain shifts, which are known as task heterogeneity. The
average strategy proposed by M-TENT might cause non-
consensual update directions and thereby result in perfor-
mance degradation, as theoretically analyzed in Section 3.2.
(2) Mixed distributional shifts in the input stream under
the open-world environment and the high sensitivity of pre-
trained models to batch-specific noise. When deployed, the
input often consists of a mixture of ID and OOD data, and
aggressive parameter updates during adaptation can lead to
severe forgetting of ID-domain knowledge (Niu et al. 2022).

Our motivation stems from empirical observations that the
information entropy difference for m-th task across consec-
utive time steps, denoted as AL(m), strongly correlates with
the performance of the adapted model, as shown in Figure 1.
We find that non-consensual AL, directions across tasks
may harm overall performance, while a consensus of these
directions tends to improve it. Furthermore, we observe that
catastrophic forgetting frequently occurs during MT-TTA as
shown in Figure 3.

To address these issues, we propose Consensus-driven
Constrained Multi-Task Test-Time Adaptation (CoCo-MT-
TTA) to coordinate the parameter update directions across
M tasks based on the consensus of their loss difference
ALy, Ym € [1,M], and simultaneously constrain the
magnitude of parameters updates to retain knowledge of the
source domain. Specifically, we propose CoCo-MT-TTA,
which incorporates two strategies: 1) Multi-task Gradient
Consensus Adaptation. It searches for a consensual update
direction, which alleviates the optimization conflict caused
by non-consensual multi-task update directions. 2) Multi-
task Plasticity-Constrained Adaptation. It restrains the up-
date magnitude during adaptation based on the parameter
importance scores, which maintains the memory of ID do-
main knowledge.

The main contributions can be summarized as follows:
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To our knowledge, we are the first to identify and em-
pirically validate that orientation-consensual gradients
across tasks are beneficial for multi-task test-time do-
main adaptation. (Section 3.2)

Based on this insight, we propose a multi-task gradient
consensus method to enforce a consensual parameter up-
dating orientation during test-time. (Section 4.1)

We further introduce a multi-task plasticity-constrained
method to alleviate catastrophic forgetting and stabilize
adaptation. (Section 4.2)

Extensive experiments on two diverse benchmarks,
CelebA and PlantData, demonstrate the effectiveness and
generalizability of our method. (Section 5)

2 Related Work

Multi-Task Learning. Multi-task learning (MTL) aims
to learn various related tasks (Ruder 2017). MTL encom-
passes several classic research directions: model architec-
ture design and optimization. The survey (Ruder 2017)
typically categorizes the model architecture into soft pa-
rameter sharing and hard parameter sharing. Soft param-
eter sharing assigns separate backbones to tasks (Misra
et al. 2016). In contrast, hard parameter sharing, dating
back to the 1990s (Bromley et al. 1993), uses a com-
mon backbone with task-specific output heads. From the
optimization standpoint, recent works tackle task conflicts
through adversarial training (Liu, Qiu, and Huang 2017),
scalarization (Kendall, Gal, and Cipolla 2018), and multi-
objective optimization (Sener and Koltun 2018). To the
best of our knowledge, M-TENT (Chatterjee et al. 2024)
is the only recent work that addresses multi-task test-time
adaptation (MT-TTA). It extends test entropy minimization
(TENT) (Wang et al. 2021) to the multi-task setting by min-
imizing the mean entropy of all task outputs. However, M-
TENT (Chatterjee et al. 2024) overlooks the heterogeneity
across tasks, which hinders adaptation performance.

Test-Time Adaptation. Test-time adaptation (TTA) aims
to improve model performance on out-of-distribution
(OOD) data by adapting models using label-free test sam-
ples. TENT (Wang et al. 2021) adapts models by mini-
mizing inference prediction entropy via updating the batch
normalization statistics. Efficient Anti-forgetting Test-time
Adaptation (EATA) (Niu et al. 2022) introduces a sam-
ple entropy selection mechanism to enhance the efficiency
of adaptation. Adversarial training on Penultimate Activa-
tions (APA) (Sun, Lu, and Ling 2023) perturbs the penulti-
mate layer features and minimizes the divergence between
the original and perturbed predictions. Activation Match-
ing (ActMAD) (Mirza et al. 2023) aligns inference lo-
cal statistics with reference statistics from the source do-
main. Sharpness-aware and reliable entropy minimization
(SAR) (Niu et al. 2023) filters out high-entropy samples and
employs Sharpness-Aware Minimization (SAM) (Foret et al.
2021) to enhance generalization.

Continuous Learning and Anti-Forgetting. McCloskey
and Cohen first elaborates the problem of catastrophic for-
getting. Subsequent research has focused on mitigating for-



getting, which has also been extended to the TTA area.
EATA (Niu et al. 2022) uses Fisher information estimated
from source data to regularize the parameter updates dur-
ing test-time adaptation, thereby preserving performance on
the source domain. However, its effectiveness is highly sen-
sitive to hyperparameter tuning. Continual test-time adapta-
tion (CoTTA) (Wang et al. 2022) mitigates forgetting by pe-
riodically restoring a subset of model neurons to the initial
values with a fixed probability, but this stochastic restoration
can interfere with the acquisition of new knowledge. Col-
laborative Lifelong Adaptation (CoLA) (Chen et al. 2024)
stores and dynamically aggregates parameter deltas and do-
main features during adaptation.

3 Problem Formulation and Motivation
3.1 Problem Formulation.

Following the recent study on multi-task test-time adapta-
tion (MT-TTA), we consider the multi-task models typi-
cally consisting of a shared encoder followed by the task-
specific classifiers (Chatterjee et al. 2024). Without loss
of generality, let us denote the source domain data as
{(xns,yns)}gj:l ~ P(x) and the model as f(-), where
Yne = [Y(1)msr Y(2)mss > Y(M),n,] cOrresponds to the la-
bels for M tasks. The model parameters on the source do-
main are denoted by ©°, which aggregates the parameters of
size N,. The pre-trained model f(0©°) performs well on the
in-distribution (ID) data. However, once deployed in open-
world edge scenarios (e.g., mobile or wearable devices), the
model may encounter distribution shifts denoted as Q(x),
where Q(x) # P(x), leading to significant performance
degradation.

Multi-task test-time adaptation (MT-TTA) refers to the
setting where, under target domain shifts, the model adapts
to multiple out-of-distribution (OOD) domains concurrently
without access to labeled data, while retaining knowl-
edge of the source domain. Specifically, given test sam-

ples {xnt}ﬁft T , with x,,, ~ Q(x), we aim to enhance the
model’s performance via adaptation by minimizing average

unsupervised losses over all tasks:

M
1
in Lave(©) = — L) (0), 1
min Lave(©) MmZ::l()() ¢))
where a typical choice of E(m), Vm, is the Shannon en-
tropy (Chatterjee et al. 2024), and ©; C O represents the
subset of parameters that are learnable during test time.

3.2 Motivation.

Denoting the parameters after the ¢-th adaptation step by
©?, standard stochastic gradient descent (Rumelhart, Hin-
ton, and Williams 1986) gives:

e'=0""-n-d, ()

where 1) is the learning rate and d = VL(©'"1) is the up-
date direction. For brevity, we write L(,,)(©") as Ezm).
Considering the tiny value of learning rate 7, performing
first-order Taylor expansion for task-specific loss DE;S

chy ~ Lot evei et —etth). )
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Figure 2: The x-axis represents the task-specific update gra-
dient during adaptation. A single-task gradient reduces the
loss of the corresponding task but increases that of others,
indicating optimization conflicts in multi-task adaptation.
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Figure 3: The dashed line represents the model’s perfor-
mance trajectory, which exhibits a consensual decline dur-
ing adaptation across all three evaluated tasks on PlantData.

Substituting Eq. (2) into Eq. (3), we arrive at:

Ll — L EALL, ~ - VLT d @)

where ALEm) represents the loss difference between two
successive adaptation steps.

As illustrated in Figure 1, our experiments support the
correlation between the loss difference and the adaptation
performance. In brief, a non-consensual direction of the
task-specific loss-difference, Im, A,C(m) > (), across con-
secutive adaptation steps precipitates a degradation in
model performance (e.g., Fl-score); conversely, a consen-
sual decrease yields performance gains, i.e., Aﬁ(m) <0,
Vm.

For M-TENT (Chatterjee et al. 2024), which averages
the losses over all tasks, we have update direction d

dvetent = VLT = 47 Zjvil V[ijf)l. Thus, the entropy



value change of m-th task is:

M
t t—1T t—1
ALl ~=n- VL |+ Zl VL, 5)
j=
If 37, Vﬁ% . vcfjf)l < 0, there is a possibility that
ALEm) > 0. In practice, the non-consensual gradient phe-
nomenon does exist, as demonstrated in Figure 2. When pa-
rameters are updated solely with the gradient from one task,
rather than the aggregated gradient over all tasks, the loss
for the selected task decreases while the losses of all remain-
ing tasks simultaneously increase, which also known as op-
timization conflict. Therefore, reducing inter-task gradi-
ent conflict is essential for effective multi-task test-time
adaptation (MT-TTA).

Ideally, if all task gradients have consensual directions,
ie., Vj € [L,M], VL) - VLG > 0, it can be derived
that the loss difference of m-th task Aﬁfm) < 0, Vt, which
motivates us to develop a gradient consensus method in Sec-
tion 4.1.

Furthermore, in practice, test-time data probably consists
of both ID and OOD samples. Adapting the model solely
based on OOD inputs may lead to catastrophic forgetting of
source domain, i.e., ID, knowledge, as empirically shown in
Figure 3, which shows the updated multi-task model has a
consistently lower F1-score on ID test samples than the pre-
trained and un-adapted model.

4 Methodology

We propose Consensus-driven Constrained Multi-Task Test-
Time Adaptation (CoCo-MT-TTA) that addresses the dual
challenge of adapting to out-of distribution (OOD) domains
while preserving performance on the source (in-distribution,
ID) domain. As shown in Figure 4, our approach incorpo-
rates two strategies: (1) Multi-task Gradient Consensus
Test-time Adaptation search the appropriate update gradi-
ent d to improve the overall adaptation performance, and (2)
Multi-task Plasticity-Constrained Adaptation to mitigate
catastrophic forgetting by constraining the change magni-
tude of model parameters ©. The pseudo-code of CoCo-MT-
TTA is summarized in Algorithm 1.

4.1 Multi-task Gradient Consensus Test-time
Adaptation

Given the heterogeneity of task-specific gradients and our

insight about the correlation of loss difference AL, update

direction d, and adapted model performance, we aim to find
a d that leads to AL{, ~ < 0 for all m € [1, M]. First,

based on Eq. (4), the following mathematical formula can
be obtained:

1 t t—1T 5 t—1
— ALl = VL A= (VLhd).  ©

For brevity, we denote VDEm) as gfm). Inspired by conflict-

averse gradient descent (CAGrad) (Liu et al. 2021), we
formulate the following constrained optimization problem.
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Note that the <gf;§,d

gradient of m-th task and the update direction and measures
their conflict, in which the lower values of the inner product
mean the higher conflict. We first identify which task gradi-
ent among m € [1, M] exhibits the greatest conflict with

> is the inner product between the

the current update direction d as min,,c(1,a <g€;$,d>.

Subsequently, within a neighborhood centered at g?o_)l
ﬁ Z%zl g'(t;s, we search for a refined direction d that max-
imally aligns the conflicting gradients across tasks.

t—1

dERN me[1,M] <g(m) ’ d>

st |ld— g5l < c-llglg) 1l

where ¢ controls the search space of the update gradient.
Solving for d at each adaptation step requires high compu-
tational resources because the dimension of d, which equals
the total number of parameters, could be millions. Instead,
the dual problem of Eq. (7) reduces to a tractable optimiza-
tion problem over an M-dimensional space. To get the dual
problem, we introduce a variable w, matching the number
of tasks M. Formally, w [way, weay, - wn] € W,

where W = {w : Vm,w(, > 0and 25:1 Wim) =

1}, is the probability simplex. We arrive at the new ver-
t—1
o))
min,, <Zm w(m,)g€;§,d> = min,, <gzj(jl>,d>. Conse-
quently, we obtain the following optimization problem:
. t—1
o i (o, )
st [ld— gl < e llgty 1l
Applying Eq. (8), we derive the corresponding La-
grangian’s equation as follows:

A t—1712
d =5l gy P - 6),

max min

(7

sion of the minimization problem: min,, <g

®)

t—1 T

max min Gy

deERN weW,A>0

€))

where ¢ = ¢2|| g’(fo_)l||2 and )\ means Lagrange multiplier.
Since ¢ > 0, there exists a strictly feasible d that satisfies

[|d— gga)l || < ¢, which induces the convex feasible set. Con-

sequently, one can check that Slater’s condition (Shapiro and
Scheinberg 2000) holds and strong duality applies, which al-
lows switching the max and the min without changing the
solution. Yielding the dual of the primal problem as follows:
b = 9.

min  max Gy

A
X d A d _ i1
wEW,A>0 deRN 2 (H g

(0) (10)

Using the Lagrange multiplier method repeatedly, i.e., set-
ting the derivative w.r.t. d and A alternately to zero, we obtain
an optimal update direction d*.

\/a t—1
KGR

d* = gio) + (11)

196

where gz )1 = ﬁ Z%zl w(m)gf;s-

w
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Figure 4: Our framework for MT-TTA. In the pre-adaptation phase, the model f is trained on the source domain to obtain the
pre-trained parameters ©°. The pre-trained model generates pseudo labels corresponding to a random subset of source samples.
The Fisher information matrix is computed for the plasticity constraint. During adaptation, the model explores the updated
gradient space to find gradients that achieve a consensual direction on the loss difference AL, which are combined with the

Fisher information to update ©! jointly.

Remark. Although Eq. (10) involves three variables, d,
A and w, the Lagrange multipliers d, \ can be analytically
eliminated, leaving w as the sole variable in the dual prob—
lem. Specifically, denoting the objective in Eq (10) as O

Setting V40 = 0 yields d* = g, | /A + g ) Substitut-
ing d* into O gives a reduced objective O’. Then setting
VAO' = 0 gives \* = g, | //¢. Substituting A* into

o’ ylelds the final dual problem: minyew v/@|lg,; ! || +

t—1T
gw(,n) g(o

gradient descent to obtain w*. The optimal gradient direc-
tion d* is then recovered by plugging w* into the closed-
form expressions for d* and \*.

)1 This convex problem is solved efficiently via

Assumption 1. Assume the m-th loss functions at the t-th
step Lfm),Vm € [1, M| are differentiable for all M tasks

and its gradients g, are all H-Lipschitz, i.e., ||gfm) —
92;3” < H-||©!—0!!|, where H € (0, 00). There exists
a sufficiently small learning rate n € (0, 7.

Theorem 1 (Effectiveness of Gradient Consensus). When

Assumption 1 holds, using the Gradient Consensus strategy
to search update direction as Eq. (11) can yield:
A,cg;j <0,vm € {1,2,...,

M} (12)

Proof. The proof is provided in the Supplementary. O
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Algorithm 1: The pipeline of proposed CoCo-MT-TTA.
Input: Training dataset Dy, = {(xns,yns)}N

n.=1>
shifted dataset Dy = {(xp,, Yn, )}QZ T ,; The randomly sam-
pled dataset Dy C Dy; Test time adaption steps: 1'; Pre-
trained parameters: OY: Learnable parameters: ©; C O;
Output: Adapted parameters: 7
1: Initialize: Step t = 1;
2: Calculating Fisher information matrix F' by Eq. (14);
3: whilet < T do
for data batch x in D, do
Forward propagation through ©%;
Calculate the final loss £ as Eq. (16);
Update learnable parameters O} based on Eq. (11);
end for
t+—t+1,
10: end while

Domain-

4
5
6
7:
8
9
0

With the fixed hyper-parameter ¢ € [0, 1], we theoreti-
cally prove that AL,,) < 0,Vm, which can give rise to
better performance as evidenced in Figure 1.

4.2 Multi-task Plasticity-Constrained Adaptation

To mitigate catastrophic forgetting induced by overfitting
to out-of-distribution (OOD) samples, we restrict parame-



Dataset | Method | Gaussian Shot Impulse Defocus Blur Brightness Contrast | Average
Source 73.03 75.55 73.14 80.88 74.85 75.84 75.5512.62

g M-TENT 92.17 95.84 82.55 97.05 98.62 76.88 90.5215.05
@) EATA 92.63 93.88 88.99 95.83 97.08 77.85 91.0416.43
g ActMAD 39.96 42.41 34.75 41.88 30.49 17.16 34.44_ g 79
29 SAR 89.09 91.73 83.83 92.92 92.95 77.44 87.99 567
Ours 93.12 9598  87.25 96.95 98.56 7752 | 91574705

Source 84.29 84.37 84.77 83.81 96.29 81.88 85.904 4.42

< M-TENT 93.09 93.04 93.33 91.72 95.64 93.29 93.35+1.16
< EATA 92.96 92.93 93.24 91.58 95.54 93.17 932444 17
8 ActMAD 79.16 76.37 81.69 76.15 79.45 48.25 73.51411.46
SAR 92.99 92.93 93.25 91.61 95.59 93.21 93.2641.18

Ours 93.11 93.03 93.37 91.76 95.66 93.31 93.37 1115

Table 1: Mean In-Distribution and Out-of-Distribution (I&O) F1-score under various domain shift types (severity level 5) on
the CelebA and PlantData dataset. Higher values indicate better performance. Our method outperforms all baseline approaches
across all domain shifts. The bold number indicates the best result and the underlined number indicates the second best result.

ter updates based on the Fisher information matrix. Inspired
by recent studies on anti-forgetting (Kirkpatrick et al. 2017),
we enforce plasticity-constraint on the parameters during the
adaptation stage by restricting their update range:

R(O1,600) = D ws(0:)(0: —6))%,
0;,€0,
where wy (6;) reflects the importance of ;, which represents
the 7-th parameter.

Inspired by Efficient Anti-forgetting Test-Time Adapta-
tion (EATA) (Niu et al. 2022), we propose to multi-task
aware parameter importance weight estimation based on the
Fisher information matrix as:

M N,
0.) = ZTYL 1 Zniil
010 = MNee

13)

(Vo,LcE,(m
(14)

where Lcg, () i the m-th task’s cross-entropy loss. Nsc
means the number of the chosen samples from ID data.
f(xn..;©°) and g, indicate soft and hard pseudo-labels
from the pre-trained model f(0°), respectively.

4.3 Overall Objective

For brevity, we denote (Vo, Lcg, (m) (f (Xn..; ©°), Un..)) as
ggbnsc. Consequently, the final loss function integrates the
plasticity-constrained term as follows:

EM Nsc
L=5=m=lr . 3as

Inspired by the entropy-based unsupervised loss for M-
TENT (Chatterjee et al. 2024), we set L, as the Shannon
entropy, yielding the overall objective.

1 XM Cm)
L= [— > plie) logp(je) +
m=1 c=1
s ¥ ]
g@ Mse )
NSC 0,€0; no=1

(f(xnsc; @O>7 :‘]nsc)) )

2
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where C(,,) is the number of classes for m-th task, and j3
controls the regularization strength.

5 Experiments

5.1 Setup

Benchmarks. We evaluated our method on two datasets:
CelebA (Liu et al. 2015) and PlantData, as shown in Table 2.
We use a classic image corruptions algorithm (Hendrycks
and Dietterich 2019) to create out-of-distribution (OOD)
domain data, and source (in-distribution, ID) domain data
has no corruption. We adopt the corruption types from M-
TENT: Gaussian noise, shot noise, impulse noise, defocus
blur, brightness, and contrast, and evaluate only on the high-
est corruption severity level (level 5) to assess model perfor-
mance under challenging conditions.

Dataset Total Train Test Tasks

CelebA 202,599 141,819 60,780 4
PlantData 19,219 13,453 5,766 3

Table 2: Dataset statistics. Train/Test denotes a 70%/30%
split. CelebA includes 4 binary attribute tasks; PlantData
covers 3 multiclass plant health tasks.

Pre-Training Configuration. Our backbone follows the
architecture of M-TENT (Chatterjee et al. 2024). During the
training phase, we used a batch size of 256 and an initial
learning rate of 1 x 10~3. The model was trained for 100/50
epochs on the CelebA/PlantData dataset. We used the Adam
optimizer (Kingma and Ba 2014) for both training and test-
time adaptation phases, and all input images were resized to
224 x 224 before being fed into the network. We set the ran-
dom seed to 42 for all experiments to ensure reproducibility.

Compared Methods. We compared our approach with
representative test-time adaptation (TTA) methods. M-
TENT (Chatterjee et al. 2024) adapts the model by minimiz-



Gradient Consensus  Plasticity Constraint

Average Mean 1&0 T Average Mean [&O across Datasets 1

PlantData  CelebA
X X 90.52 93.35 91.94
X v 90.66 93.35 92.00
v X 90.57 93.37 91.97
v v 91.57 93.37 92.47

Table 3: Performance comparison on the CelebA and PlantData under different domain shift types and settings. The bold
number indicates the best result, and the underlined number indicates the second best result.

ing the entropy of multi-labels and updating the batch nor-
malization statistics during inference. Since there are lim-
ited MT-TTA methods as a baseline, we extended the fol-
lowing methods from single to multi-task: Efficient Anti-
forgetting Test-time Adaptation (EATA) (Niu et al. 2022)
introduces a confidence-based sample selection strategy and
employs Fisher regularization for model stability. Activa-
tion Matching (ActMAD) (Mirza et al. 2023) aligns the ac-
tivation statistics of test samples with reference statistics
from the source domain. Sharpness-aware and reliable en-
tropy minimization (SAR) (Niu et al. 2023) filters out high-
entropy samples and applies Sharpness-Aware Minimization
(SAM) (Foret et al. 2021) during adaptation.

Test-Time Adaptation Configuration. At the test-time
adaptation stage, we adapted the model using 10 steps for
PlantData and CelebA (Liu et al. 2015). The learning rate
during adaptation was set to 2.5 x 1073 /2.5 x 10~ by using
SGD (Niu et al. 2022). We employed two adaptation-specific
hyperparameters: 3 in Eq. (16) was fixed at 2000.0/1000.0,
while ¢ in Eq. (7) was set to 0.01/0.9 for PlantData/CelebA.

Evaluation Metrics. To evaluate the performance of test-
time adaptation across both the source (in-distribution,
ID) and out-of-distribution (OOD) domains, we adopt the
1&O(;,) metric, defined as:

where F1(,,) ap) and F1,,,) (oop) represent the Fl-scores for
the m-th task on the ID and OOD domains, respectively. The
weights are set to 0.7/0.3 in line with the ratio of ID/OOD
samples. To aggregate performance across all tasks, we com-
pute the Mean 1&O as:

M
1
Mean 1&0O = M mz_l I&O(m)v (18)

where M is the total number of tasks in the dataset.

5.2 Performance comparison of the approaches

We benchmark our proposed method against existing clas-
sic TTA baselines under various domain shifts as shown
in Table 1. Task-generalization. Across the 12 scenarios
of CelebA and PlantData (6 shifts per benchmark), our
method attains 7 state-of-the-art records and 5 the second-
best results, evidencing superior multi-task generalization
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over all baselines. For example, under the Gaussian cor-
ruption of PlantData, we report 93.12 mean 1&O, which
means our adaptation method performs best across sev-
eral tasks in the current scenario. Shift-generalization. Our
method achieves the best performance across domains. As
on CelebA, our method achieves the highest average mean
1&0 across diverse domain shifts, while simultaneously at-
taining the smallest standard deviation among all baselines,
which demonstrates exceptional consensus in shift general-
ization. Benchmark-generalization. It is noteworthy that
despite the significant semantic differences between the two
datasets (face vs. plant images), our method demonstrates
robust generalization capability.

5.3 Ablation Study

We perform an ablation study to quantify the contributions
of two core modules in our method: Gradient Consensus
(GC) and Plasticity Constraint (PC). As shown in Table 3,
by selectively disabling these components during adaptation
and evaluating on both ID and OOD data, we observe that
the complete method (with both modules) achieves the best
performance on mean 1&O metrics. Adapted models with
only one component perform worse, and without either mod-
ule, perform the worst, affirming the necessity and comple-
mentary nature of both design choices.

We further evaluate modules robustness under six types of
synthetic domain shifts with varying datasets. Our method
maintains superior performance across all shift types and
task types, achieving the highest mean I&O scores (mI&O).
This indicates that our approach generalizes well to diverse
domain shift patterns and offers a reliable solution for real-
world MT-TTA deployments.

6 Conclusion.

In this paper, by theoretically analyzing Loss-performance
with Taylor expansion, our findings on directional consen-
sus as a performance indicator provide new insights for sta-
ble multi-task test-time adaptation (MT-TTA). Based on this
insight, we present COnsensus-driven COnstrainted Multi-
Task Test-Time Adaptation (CoCo-MT-TTA) for MT-TTA
that explicitly addresses gradient conflicts and catastrophic
forgetting. Evaluated on CelebA and PlantData, our ap-
proach achieves average improvements of +11.75% and
+10.41% in the mean in-distribution and out-of-distribution
Fl-score (Mean 1&O) across 6 domain shifts over a non-
adapted model and classic baselines, respectively.
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