TANGO: Learning Distribution-wise Foundation Prior Consistency and
Instance-wise Style Calibration for Medical Image Generalization

Chuang Liu?; Yichao Cao?; Xiu Su?"; Haogang Zhu'”

1Beihang University, 2Central South University
Abstract and Motivation Methodoloc Experiments

. . | | Comparisons with the SOTAS
» Background: Test-time adaptation (TTA) has emerged as a : : _ P
- . - - - - - Images e .. | 1 1 1 1 1 \Y
promising solution to address real world domain shifts in medical — el || Methods D ——en D Do Do Doranr Sveect
image segmentation. : - = : No Adapt [ResUNet-34] 64.53 76.06 71.18 52.67 64.87 65.86
> Limitations and Motivations: Current approaches adapt by B SRR Sairce Mode Z l corma a1 cver 2oz 153 7598 @14 5399 o4 680
updating or regularizing a pre-trained source model. However, they [T R | DLTTA [57] (TMI 2022) 75.11 78.85 73.89 51.64 69.71 69.84
L _ _ = 5" = o ) — I DUA [35] (CVPR 2022) 72.28 76.59 70.13 56.17 71.38 69.31
face two major iIssues: (1) the source models on which they rely are i . B SAR [39] (ICLR 2023) 7455 7771 7078 55.40 71.72 70.03
_ i cfe . [y i ! | | | | - | | o Pl e Wes | domainAdaptor [59] (CVPR 2023) 74.50 76.39 71.81 56.78 70.55 70.01
prone tO Overflttlng under domaln ShlftS, (”) In dynamIC Contlnual : | Y l | VPTTA [6] (CVPR 2024) 73.91 79.36 74.51 56.51 75.35 71.93
- - - - Unseen Target - B | .
Tmages S CertainTTA [10] (IF 2025) 74.06 79.63 73.78 56.47 75.28 71.84
testing scenarios, error accumulation and class forgettmg are further | - : [' ) Gi Lag  Lggs Distribution | GraTa [7] (AAAI 2025) 76.58 78.72 76.27 67.15 72.88 74.32
exacerbated. : - U T | E [-'_-“ ¢/ 1 Lent | calibration : TanGo (Ours) 87.76 85.96 84.49 84.41 83.52 85.23
| g
L : : | | : | )(3,: [ | A | D LIV LIS LILISIINU WD [ UMD 3 DUWULIM UM WL LVO ALY VL
CDHTIHUCI”}' Chﬂﬂgmg TGI"QET Environment | - / B . 0 . : S - ! l:?f? l-(i% l-ﬁ l-n?%; =1 Method Domain A Domain B Domain C Domain D Average T
: : Foundation-informed izt 2 =>:§: 15! | cHoas DSC Ef™ S, DSC EJ™ S, DSC ET™ S, DSC ET™ S8, DSC E™ S,
. N onsiste aini lw, " lw lw """l :
| L = t_my | @ :§: :§: :§: :?T: 2 : No Adapt (PraNet) 79.90 87.97 84.66 66.33 78.51 76.72 73.89 84.64 81.28 82.95 90.84 88.08 75.77 85.49 82.69
| Source Model Training . Target | (:’W gxg (ﬂ (deargef Model — | TENT [53] (ICLR 2021) 7486 84.58 80.52 67.51 78.66 78.05 17.79 40.04 53.30 73.55 83.38 8241 5843 71.67 73.57
| “—— Encoder Decoder . Predictions | { t | CoTTA [54] (CVPR 2022) 76.46 8537 82.56 66.77 76.75 79.17 71.39 83.42 80.18 70.71 79.81 82.54 71.33 8134 8l.11
———————————————————————————————— =1 — | DLTTA [57] (TMI12022) 76.27 85.23 82.41 66.58 77.00 79.24 63.72 78.23 75,56 71.20 81.32 8347 6944 8045 B80.17
i Source Model Flow 3%: S ®H::oc:jr:1::d &Fine-TuneQ““‘m'”m" 3x3| H Adapted | DUA [35] (CVPR 2022) 7893 87.37 83.96 66.84 7852 77.51 76.53 86.45 83.05 86.24 93.23 89.82 77.13 86.39 83.58
: Foundatio N | e I - SAR [39] (ICLR 2023) 76.48 85.89 81.49 66.45 7735 78.05 71.46 83.23 7940 7041 80.11 81.07 71.20 81.65 80.00
| Inference Flow —» ot "riow €D Addition I Adapter [ JBatchNorm Layer) e 1B inAdaptor [59] (CVPR 2023) | 7748 8631 82.40 70.82 8176 80.88 71.96 83.06 79.97 76.89 8589 84.45 7429 8426 81.93
! ____________________________ VPTTA [6] (CVPR 2024) 81.00 88.91 8491 76.87 87.31 84.08 77.58 8748 83.64 86.39 9347 89.87 8046 89.29 85.62
! i CertainTTA [10] (IF 2025) 81.55 88.97 84.96 75.73 86.86 83.46 73.94 86.76 82.92 87.11 93.88 90.27 79.58 89.12 85.40
E OVGfVleW Of our TanGO framework TanGo (Ours) 8395 91.33 86.55 8244 9145 86.42 81.11 8981 85.76 87.29 9480 89.97 83.70 91.85 87.14
5 Our method achieves
; hy . Original I VPTTA O
| UTI - - T - e TR competitive or superior a0 | | e
| » Distribution-wise Consistency Learning: During training, the proposed Distribution- b i e | S ~ =
A Reome9e. | wise Style Consistency Learning transfers frequency-domain generalization priors from 'ronost A i L TR
----------------------------------------- | the foundation model Into the source model to form a unified, domain-harmonized TR T : l Ex
Source Enhanced feat ' ! | o
Decorator Space Source Space eature Space' : Ay guet 2%
- - - - ] - - I 1 s
Torget . Freeze = — &Tﬁ; ) > Insta_nce Wise S’Fyle Adaptive Cal_lb_ratlon. We deve_lop_ an Instance Wise style Visualizations of @ : (b) : ©
g adaptive calibration method that jointly optimizes distributional, semantic, and

LID test images

Figure 1. Our Training-to-Adapt CTTA paradigm. During training. uncertainty objectives, ensuring stable adaptation and semantic consistency under

we learn generalization priors consistency from a frozen founda- ConthOUSIy testing conditions. _ _ o t-SNE visualizations
tion model to enhance the source model’s feature robustness. At ® FAFPI (Frequency Aware Foundation Prior Injectlon) of the learned
test time, a learnable per-sample data decorator, together with ® LID (Learnable Instance Aware Decorator) distributions
Source-Knowledge Anchored Recalibration, continuously pulls the ® SKAR (Source Knowledge Anchored Recalibration) o () e s |
evolving test distribution toward the enhanced source feature space, | E & L& “ﬂ E | i
enabling stable and effective online adaptation. AT (C)Se:us‘éme im:;s" in =
o SU002,00n of se Sfe R f r n
Contact vy wechat (BT ] S
Chuang Liu Jhg sl e % e T g Xingbo Dong, Liwen Wang, Xingguo Lv, Xiaoyan Zhang,Hui Zhang, Bin Pu, Zhan Gao, Iman Yi Liao, and Zhe Jin.Certaintta: Estimating uncertainty for
Beihang University test-time adaptation on medical image segmentation. Information Fusion, page 103300, 2025.
cliu trans@buaa.edu.cn Xingguo Lv, Xingbo Dong, Liwen Wang, Jiewen Yang, Lei Zhao, Bin Pu, Zhe Jin, and Xuejun Li. Test-time domain generalization via universe learning:
_ E A multi-graph matching approach for medical image segmentation. In Proceedings of the Computer Vision and Pattern Recognition Conference, pages

15621_15631, 2025 © POSTER TEMPLATE BY GENIGRAPHICS® 1.800.790.4001 WWW.GENIGRAPHICS.COM



	幻灯片 1

