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Abstract. Test-Time Adaptation (TTA) has emerged as a strategy to
adapt pretrained models to unseen data during inference without re-
quiring retraining or access to large datasets. Despite recent progress,
most existing TTA approaches rely on fixed adaptation strategies, lack-
ing explicit mechanisms to determine whether a test sample requires
adaptation and to what extent. As a consequence, adaptation may be
unnecessary or suboptimal, especially in scenarios where test samples
exhibit heterogeneous degrees of distribution shift, as in the case of med-
ical imaging. Moreover, existing TTA methods are typically developed as
by-design solutions that are tightly coupled to specific tasks. This limits
modularity and hinders the development of adaptation frameworks that
can be flexibly attached to pretrained models. To address these limita-
tions, we propose a novel TTA framework based on a Multi-Agent Sys-
tem formulation that enables sample-specific adaptation and separates
adaptation control from the pretrained task model. Our method decom-
poses TTA into four interacting agents responsible for task execution,
distribution shift monitoring, adaptation selection, and model update.
We validate our approach by carrying out extensive experiments on two
medical image-to-image translation tasks, T1-to-T2 MRI translation and
low-dose CT denoising, across four publicly available datasets. Results
show consistent improvements over the state-of-the-art. Code is available
at https://github.com/arco-group/Multi-Agent-TTA.
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1 Introduction

Test-Time Adaptation (TTA) aims to mitigate performance degradation caused
by distribution shifts between training and test data through adaptation mecha-
nisms applied at inference time [12]. TTA is particularly relevant in medical
imaging, where distribution shifts arise from variations in acquisition proto-
cols, scanner hardware, and patient populations [8]. Such variability results in
test samples that may be in-distribution (ID), i.e., close to the training data,
or out-of-distribution (OOD), reflecting distribution shift. Despite the grow-
ing interest in TTA, existing approaches in medical imaging remain limited
in both scope and formulation. Most methods focus on image segmentation;
for instance, [9] proposes a multi-block TTA strategy for breast MRI tumor
segmentation based on multi-view consistency and entropy-guided self-training.
Similarly, [11] introduces a multi-block input-level adaptation framework that
optimizes a shallow normalization network at inference time under a reconstruc-
tion prior, whereas [18] uses a domain prior generator to modulate adaptive
normalization layers during inference. Beyond segmentation, medical image-to-
image translation has attracted increasing interest, supporting key tasks such as
noise reduction, cross-modal synthesis, and super-resolution [10,6]. In this con-
text, distribution shifts are particularly critical, as translated images must pre-
serve fine-grained spatial and intensity relationships, and even minor variations
can compromise translation fidelity. Although TTA has been extensively stud-
ied for segmentation tasks, its application to medical image-to-image translation
remains largely unexplored, with only [7] proposing a self-supervised framework
based on feature-level adaptation guided by an autoencoder reconstruction loss.

Across the aforementioned methods, TTA approaches exhibit two main lim-
itations: first, they lack selective adaptation mechanisms and remain tightly
dependent on the task model. Second, they do not explicitly assess the degree of
distribution shift, nor determine whether or how much adaptation is needed. On
these grounds, we introduce the Multi-Agent Test-Time Adaptation for medi-
cal image-to-image translation, a modular framework that separates adaptation
control from the pretrained task model and enables selective, sample-specific
updates. It builds on Multi-Agent Systems (MAS) [14], which model complex
processes as coordinated interactions among agents with well-defined roles. In
summary, our work provides the following contributions: (i) we introduce a mod-
ular multi-agent TTA framework for medical image-to-image translation that en-
ables explicit, sample-level control over adaptation; (ii) we structure our TTA ap-
proach into four coordinated agents which separate task execution, domain-shift
monitoring, adaptation selection, and model update, thereby decoupling adap-
tation from the pretrained translation model; (iii) we validate our approach on
T1-to-T2 MRI translation and low-dose CT denoising across four publicly avail-
able datasets, achieving improvements over state-of-the-art competitors; (iv) we
demonstrate model-agnostic nature by evaluating our approach on both GAN
and flow-matching–based pretrained translation models.
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Fig. 1: Multi-Agent TTA. Ap denotes the predictor agent, Am the monitoring
agent, As the selection agent and Aa the adaptation agent. The four agents
interact through a shared space Ω. Solid, dashed, and dotted arrows denote
percepts, actions, and agent-to-agent communication, respectively.

2 Methods

Let x ∈ Rw×h be a source image and y ∈ Rw×h its target, with w and h as the
image width and height, respectively. Image-to-image translation is defined as
ŷ = fθ(x), where fθ is a learnable mapping and ŷ is the output. Under distribu-
tion shift, test-time performance may degrade: in this case, instead of retraining
fθ, TTA addresses this by updating model weights at inference time on a per-
sample basis. The goal is to reduce the translation error so that |ȳ−y| ≤ |ŷ−y|,
where ŷ corresponds to the model-translated output and ȳ the adapted predic-
tion. Our framework, illustrated in Figure 1, is composed of four cooperative
agents that interact and share information through a shared space Ω. Interac-
tions within the proposed MAS are mediated by three distinct information flows.
The percepts channel (solid arrows) communicates information from Ω to the
agents, the action channel (dashed arrows) enables agents to apply their deci-
sions to Ω, whilst the agent-to-agent channel (ADE) (dotted arrows) supports
direct communication between agents by exchanging internal feedback signals
that coordinate actions on Ω. The Predictor Agent Ap performs the transla-
tion task: given x, it produces a prediction ŷ and exposes intermediate feature
maps {hi}ni=1 from selected internal layers. These representations are shared
within Ω and can be modified by the Adaptation Agent Aa before being rein-
troduced into Ap during subsequent forward passes. Aa is composed of a set of
trainable feature-level transformation modules {ai}ni=1, referred to as actuators.
Each actuator modifies either the input x or a specific feature map hi. Given
a selected feature index subset S ⊆ {1, . . . , n}, Aa activates the corresponding
actuators {ai}i∈S , producing adapted representations {h̄i}ni=1 and an adapted
input x̄. These adapted features are then given back into Ω and made available
to Ap, which performs a new forward pass to generate the adapted prediction ȳ.
The Selection Agent As in collaboration with the Monitoring Agent Am deter-
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mines both whether adaptation is needed and its extent. The Monitoring Agent
Am estimates distribution shift through reconstruction errors. It comprises a set
of observers {Oi}ni=1, independently trained on the same data distribution as
Ap to reconstruct their respective representation levels, and kept frozen during
TTA. For a representation zi ∈ {hi, h̄i}, where hi denotes the original feature
map at level i and h̄i its adapted counterpart, the reconstruction error is de-
fined as ϵi = ∥zi − Oi(zi)∥1. Input and output level errors are computed as
ϵx = ∥zx − Ox(zx)∥1 with zx ∈ {x, x̄}, where x denotes the original input
and x̄ its adapted version, and ϵy = ∥ŷ − Oy(ŷ)∥1. Such reconstruction errors
serve as a proxy for distribution shift, with higher values indicating greater de-
viation from the training distribution. The Selection Agent As is based on a
selection function σ which identifies the test samples requiring adaptation based
on the reconstruction error ϵy computed by Am. To determine the appropriate
extent of adaptation, As explores different actuator subsets S and evaluates each
configuration using the reconstruction feedback ϵy provided by Am, which quan-
tifies the output reconstruction error. Since the search space grows exponentially
with the number of actuator levels (2i−1 possible subsets), we approximate this
optimization via random search: for each flagged sample, K actuator subsets
{Sk}Kk=1 are sampled uniformly at random, and the configuration yielding the
lowest reconstruction error ϵy is selected as S∗ = argmink∈{1,...,K} ϵy(Sk).

3 Experiments and Results

Implementation details. The predictor agent Ap is implemented with two
learning paradigms: (i) Ap

1 is GAN-based, a CycleGAN with a 9-block ResNet
generator [21] trained with Adam (2×10−4, batch 8, 100 epochs); (ii) Ap

2 is
flow-matching–based, a UNet trained with flow-matching objective [13] using
rectified scheduling (1000 steps), Adam (1.5×10−5, batch 16, 300 epochs) and
single-step inference. The monitoring agent Am consists of multi-level convolu-
tional autoencoders [3,2], denoted as observers Oi, each trained independently
on the predictor training set (Adam, batch 16, 50 epochs) with the objective of
reconstructing the feature maps hi at each level of Ap. The adaptation agent Aa

is implemented as lightweight 1×1 convolutional adaptors {ai} operating on Ω,
with only selected modules optimized at test time while keeping Ap frozen. The
adaptors optimization is driven by the reconstruction errors computed by Am.
For feature-level selection, we uniformly sample K = 50 actuator configurations
to bound the search space, as a trade-off between computational cost and search
efficiency. For each sampled configuration, adaptation is performed for up to
T = 10 iterations, with early stopping based on ϵy. We investigate three selec-
tion functions within As that regulate the activation of Aa, spanning static and
dynamic strategies. The static selection function σ1 defines the decision thresh-
old τ empirically as the 95th percentile of the reconstruction error computed on
the available test set used during training of Ap, and triggers adaptation when
ϵy > τ . This percentile-based choice allows us to model the upper tail of the ID
reconstruction error, such that samples exceeding τ are likely to exhibit atypi-
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Table 1: Datasets used for T1 → T2 MRI translation and LD → HD CT denoising.
Task Dataset ID #Train #Test Notes

T1 → T2

BraTS 2018 [15] – 5760 768 Brain glioma patients
OASIS-3 [17] A – 11054 Alzheimer’s disease

UPENN-GBM [1] B – 11043 Glioblastoma multiforme
UCSF-PDGM [4] C – 3273 Diffuse gliomas, varying grades

LD → HD Mayo Clinic
LDCT [16]

– 5936 – Abdominal scans (used for training)
D – 5133 Abdominal scans w/ liver cancer
E – 16950 Chest scans w/ lung nodules

cal representations and therefore benefit from adaptation. In order to take into
account possible data drift, we include two dynamic selection strategies: (i) the
first, σ2, is based on random resampling and updates τ every j test samples as
the 95th percentile of k ≤ j reconstruction errors sampled from recent history
τt = Q0.95

(
{ϵ(i)y }ki=1

)
with j=60, k=30. (ii) The second σ3 is an exponential

moving average (EMA) updating τ after a warm-up of l samples every j samples
as τt = αQ0.95

(
ϵyt−k:t

)
+ (1− α)τt−1 where l=60, j=30, k=30 and α = 0.2.

Datasets. Table 1 reports the datasets used for two image-to-image translation
tasks: T1 → T2 MRI and low dose to high dose CT (LD → HD). For MRI, Ap

is trained on BraTS 2018 and evaluated on three external cohorts (OASIS-3,
UPENN-GBM, UCSF-PDGM), which differ in patient populations and patho-
logical distributions. In this setting, the threshold τ is computed exclusively from
the reconstruction error distribution on the BraTS 2018 test set. τ is therefore
calibrated using ID data and remains fixed during evaluation on all external
cohorts. For CT, training is performed on abdominal Mayo Clinic scans, with
evaluation on both abdominal and chest data, introducing an anatomical shift. In
this case, the distribution shift is primarily anatomical rather than population-
based. Accordingly, τ is determined from the full available training set, without
requiring an additional population shift. The same fixed τ is then applied during
evaluation on both abdominal and chest test sets.
Competitors. We compare the proposed framework against two state-of-the-art
methods applicable to the image-to-image translation setting [7] and [11], both
applying uniform TTA without explicit ID/OOD discrimination. Both meth-
ods were implemented following the original publications and using the publicly
available official code repositories. Whenever required, models were retrained
on our datasets under the same experimental protocol adopted for our MAS
approach to ensure a fair comparison.
Results. Table 2 reports the results of our experiments on T1-to-T2 MRI trans-
lation (Datasets A–C) and LDCT denoising (Datasets D–E), using predictors Ap

1

and Ap
2. For each dataset, five configurations are evaluated: two corresponding

to the competing methods described above and three variants of our approach
differing in the selection strategy (σ1, σ2, and σ3). The table is organized by
dataset and divided into two blocks corresponding to Ap

1 and Ap
2. Image qual-
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Table 2: TTA results on MRI and CT translation. For each dataset, we report
PSNR and ∆PSNR (dB), SSIM and ∆SSIM (%), and the percentage of test
samples adapted by each method. Best and second-best results are highlighted.
DB Method Ap

1 % adapted Ap
2 % adapted

PSNR↑ SSIM↑ ∆PSNR↑ ∆SSIM↑ PSNR↑ SSIM↑ ∆PSNR↑ ∆SSIM↑

T
1
→

T
2

A

[7] 11.38±2.56 46.49±20.26 -9.46 -39.04 100.00 13.27±2.61 50.23±23.32 -8.89 -37.22 100.00
[11] 20.15±2.25 83.30±6.48 -.82 -1.70 100.00 23.39±2.13 84.17±4.66 -.36 -1.41 100.00
σ1 23.16±2.28 85.53±5.24 +2.29 +.72 96.44 21.76±2.36 83.45±5.96 +.21 -.16 34.80
σ2 21.06±2.67 84.84±5.25 +2.20 +.11 5.23 23.78±2.28 85.58±4.92 +.26 .00 5.55
σ3 21.13±2.73 84.84±5.26 +2.27 +.04 7.80 23.77±2.28 85.57±4.92 +.25 +.08 6.95

B

[7] 11.13±1.55 53.34±8.70 -9.41 -31.98 100.00 12.59±1.71 60.07±10.12 -8.75 -38.25 100.00
[11] 22.21±2.44 85.76±4.71 -.24 -.53 100.00 23.92±2.02 85.39±4.67 -.14 -.78 100.00
σ1 23.68±2.29 86.87±4.66 +1.43 +0.61 91.48 24.17±2.03 86.05±4.80 +.16 -.17 69.37
σ2 22.39±2.59 86.32±4.64 +.34 +.08 5.59 24.08±2.03 86.17±4.72 +.26 -.17 5.58
σ3 22.40±2.60 86.32±4.65 +0.46 +0.13 7.25 24.08±2.03 86.16±4.72 +.27 +.10 7.03

C

[7] 10.68±1.89 54.74±6.64 -7.93 -27.67 100.00 12.02±1.95 60.12±7.45 -7.73 -22.36 100.00
[11] 19.96±2.44 85.76±4.71 -.05 -.24 100.00 21.56±2.39 82.83±6.22 -.13 -.65 100.00
σ1 21.05±2.22 83.08±6.45 +1.63 +1.56 71.86 21.76±2.36 83.45±5.96 +.21 .00 34.80
σ2 20.03±2.11 82.03±6.51 +2.27 +1.06 6.66 21.70±2.35 83.46±5.98 +.22 +.06 6.48
σ3 20.08±2.12 82.04±6.51 +2.17 +.97 8.92 21.71±2.36 83.46±5.96 +.23 +.12 7.61

L
D
→

H
D D

[7] 16.30±1.60 50.15±8.28 -16.86 -42.59 100.00 20.12 ±2.78 57.89±7.17 -19.81 -47.01 100.00
[11] 33.29±6.98 90.60±9.41 +2.19 +1.20 100.00 31.29±6.98 89.50±9.41 +.12 +.08 100.00
σ1 33.49±5.59 90.73±9.05 +16.57 +14.43 13.99 36.26±3.07 87.59±6.06 +.24 +.91 13.70
σ2 33.61±5.42 90.89±8.62 +16.04 +14.35 15.20 36.26±3.08 87.57±6.11 +.12 +1.26 2.32
σ3 33.41±5.62 90.74±8.75 +16.29 +14.76 13.72 36.29±3.08 87.64±6.07 +.25 +.85 6.55

E

[7] 13.28±1.08 21.10±9.29 -10.96 -30.64 100.00 17.25±1.98 27.46±10.33 -12.06 -32.71 100.00
[11] 25.44±2.23 53.51±9.28 -.25 -.42 100.00 25.70±2.23 53.93±9.28 +.34 .00 100.00
σ1 25.79±2.08 56.11±9.16 +4.01 +2.78 2.21 28.46±2.86 68.69±8.31 +.36 +.59 52.89
σ2 25.81±2.08 56.11±9.18 +2.88 +1.67 3.81 28.29±2.87 68.41±8.23 +.30 +.42 7.06
σ3 25.79±2.08 56.10±9.17 +3.21 +.02 2.00 28.31±2.86 68.42±8.23 +.39 +.30 11.13

ity is evaluated using PSNR and SSIM [5,19]. PSNR ranges in [0,+∞), while
SSIM ranges in [0, 1] and is reported here as a percentage [0, 100]; in both cases,
higher values indicate better reconstruction fidelity and structural consistency.
Absolute PSNR and SSIM are computed over the entire test set, including both
adapted and non-adapted samples, ensuring fair and directly comparable evalua-
tion across methods. ∆PSNR and ∆SSIM denote the difference between post and
pre adaptation performance, computed only on the subset of samples selected
for TTA; positive values indicate improvement over the baseline prediction with-
out adaptation, whereas negative values denote degradation. The corresponding
adaptation rate is reported in the last column of each predictor block. Best
and second-best results are highlighted in bold red and blue, respectively. Per-
formance improvements (∆PSNR, ∆SSIM) are statistically validated using the
Wilcoxon signed-rank test [20] (p < 0.05). As shown in Table 2, the compet-
ing approaches [7,11] adapt 100% of test samples by design. In contrast, the
proposed strategies (σ1, σ2, and σ3) restrict adaptation to fewer than 20% of
samples in most settings. Across MRI datasets, our approach yields statistically
significant improvements for both Ap

1 and Ap
2. While the static strategy σ1 relies

on a fixed threshold calibrated on ID data and therefore triggers adaptation more
frequently, the dynamic strategies σ2 and σ3 substantially reduce the number of
adapted samples while preserving comparable performance gains. Specifically,
σ2 updates the threshold via random resampling of recent reconstruction errors,
yielding a conservative and locally adaptive behavior. The EMA strategy σ3 fur-
ther stabilizes the threshold through temporal smoothing, resulting in a more
consistent adaptation policy. Both dynamic strategies match the performance
of σ1 while operating at markedly lower adaptation rates, indicating improved
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x y ŷ Ours [7] [11]

Fig. 2: Qualitative comparison across MRI and CT translation tasks. From left to
right: input image (x), ground truth (y), prediction without TTA (ŷ), Ours (best
selection function per dataset), and competitors [7,11].

adaptation efficiency. A similar trend is observed in LDCT denoising, where
the predictor agents are trained on abdominal scans and also evaluated on un-
seen chest scans, introducing an anatomical shift. Comparing predictors, gains
are larger for Ap

1 than for Ap
2. The higher baseline performance of the flow-

matching-based predictor Ap
2 reduces the margin for improvement, indicating a

lower need for adaptation rather than a limitation of the proposed method. Fig-
ure 2 provides a qualitative comparison including both competing approaches
and the proposed method. For brevity, we report representative examples on A
(MRI) and D (CT) datasets. On MRI, the ŷ tends to preserve characteristics of
the source domain, resulting in outputs that remain visually closer to x than to
the target y. Our approach, instead produces translations that are structurally
and contrast-wise more consistent with the ground truth. On CT, ŷ exhibits vis-
ible artifacts and intensity inconsistencies, whereas our approach reduces these
degradations and yields cleaner reconstructions. In both tasks, our method pro-
vides sharper anatomical details within the highlighted regions compared to
competing methods. Figure 3 provides a per-sample analysis of our approach
by reporting, for each predictor agent, the percentage of adapted samples that
exhibit an improvement ("win") or degradation ("loss") in PSNR and SSIM.
For brevity, results are aggregated across MRI and CT datasets using, for each
dataset, the best-performing configuration of the proposed method (see bold red
values in Table 2). For Ap

1, TTA yields improvements in the large majority of
adapted samples across both MRI and CT tasks. The win rate exceeds 80% in
most settings, reaching up to 98.6% in CT denoising, while degradations remain
limited to at most 27.8%. This indicates that when adaptation is triggered, it is
beneficial in over 70% of the cases. For Ap

2, improvements dominate for PSNR,
whereas SSIM in MRI exhibits a more balanced distribution between wins and
losses, with a win rate as low as 55.3%. This aligns with the smaller average gains
observed in Table 2 and reflects the higher robustness of Ap

2, which reduces the
margin for improvement. Nonetheless, positive effects remain prevalent.
Ablation study. Table 3 evaluates the contribution of each agent by progres-
sively enabling monitoring (Am), adaptation (Aa), and selection (As), where
selection is instantiated either at sample level (σi) or the feature level (Sk). For
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Fig. 3: Win–loss plot. Adapted samples (%) increasing or decreasing PSNR
and SSIM across MRI and CT for Ap

1, and Ap
2 using the best strategy per dataset.

Table 3: Ablation study. Each configuration enables (✓) or disables (✗) Am, Aa,
As; the full model is highlighted in blue . Bold indicates best performance.

DB Ap
1 Am Aa As Ap

2

PSNR↑ SSIM↑ Sk σi PSNR↑ SSIM↑

T1 → T2

21.43±2.64 .85±.05 ✗ ✗ ✗ ✗ 23.62±2.29 .86±.05
23.22±2.04 .86±.04 ✓ ✓ ✗ ✗ 23.51±2.13 .85±.04
23.35±2.18 .86±.05 ✓ ✓ ✓ ✗ 23.79±2.32 .85±.05
23.82±2.58 .87±.04 ✓ ✓ ✓ ✓ 29.17±2.42 .89±.04

LD → HD
26.97±4.54 .64±.17 ✗ ✗ ✗ ✗ 30.12 ±4.46 .73±.11
28.14±5.19 .65±.18 ✓ ✓ ✗ ✗ 29.74 ±4.12 .73±.10
28.16±5.28 .64±.19 ✓ ✓ ✓ ✗ 30.54 ±4.49 .73±.11
30.36±4.49 .74±.17 ✓ ✓ ✓ ✓ 31.12±4.27 .75±.16

each dataset, we use the best-performing configuration identified in Table 2.
As before, we evaluate all configurations on the full test set. However, to bet-
ter highlight intra-approach differences, the reported metrics are computed over
the subset of samples for which adaptation is effectively triggered, and aver-
aged across datasets within each task. Across both tasks, enabling Am and Aa

improves metrics over the standalone predictor, supporting the use of recon-
struction errors as a proxy for distribution shift. When adaptation is applied
without selection, all actuators are activated uniformly, leading to limited gains
and, in some cases, performance degradation. Activating Sk improves the results
by allowing the adaptation process to specialize the actuator subset for each
individual sample. Finally, combining Sk with σi, which determines which in-
puts should trigger adaptation, yields the best performance across both tasks
and predictor agents. The ablation confirms that the effectiveness of our frame-
work stems from the coordinated interaction between monitoring, adaptation,
and selection agents.
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4 Conclusion

This work introduces a modular multi-agent framework for selective TTA in
medical image-to-image translation, explicitly separating shift monitoring, adap-
tation selection, and parameter update, enabling sample-specific control under
heterogeneous distribution shifts. Experimental results on MRI translation and
LDCT denoising demonstrate improvements over state-of-the-art methods, gen-
eralizing across different predictor paradigms. These findings demonstrate the
effectiveness of controlled, sample-specific TTA. Future work will extend to 3D
medical imaging and coordinated interaction among multiple predictor agents,
enabling dynamic model selection, ensemble-based adaptation, advanced selec-
tion strategies, adaptive actuator policies, and uncertainty-aware monitoring.
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