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Abstract. Continual segmentation is essential in dynamic clinical envi-
ronments, where models must adapt to evolving imaging protocols and
anatomical targets without forgetting previously learned knowledge. In
continual settings, embedding Mixture-of-Experts (MoE) modules into
the Segment Anything Model (SAM) decoder enables scalable capac-
ity expansion without fine-tuning the backbone. However, existing MoE
gating mechanisms are often challenged by expert allocation imbalance,
where routing weights rapidly collapse onto a small subset of experts.
This results in under-utilized capacity, degraded expert reusability, and
aggravated catastrophic forgetting over long task sequences. To address
challenges of expert allocation imbalance and catastrophic forgetting,
we propose ROTE, a ROuting–TimEscale framework for continual seg-
mentation with MoE-augmented SAM. ROTE integrates: (1) Locally-
Regularized Soft Routing with KAN enforces balanced routing to pre-
vent early expert monopolization; and (2) Hierarchical Temporal Learn-
ing inspired by nested learning decouples updates across time scales be-
tween SAM backbone, routing and expert to maintain long-term contin-
ual learning. Extensive experiments show ROTE consistently improves
segmentation performance and mitigates catastrophic forgetting. The im-
plementation code is publicly available at: https://github.com/Percept
ionComputingLab/ROTE.

Keywords: Continual learning · medical image segmentation · mixture-
of-experts · foundation models

1 Introduction

Under the no-replay constraint, directly using Segment Anything Models (SAM)
[6] for continual segmentation suffers from limitations (Fig. 1(a)): eroding gen-
erality and amplifying catastrophic forgetting [12] due to repeatedly updates
backbone parameters. In real-world clinical deployment, segmentation systems
continuously face distribution shifts (e.g., new centers, scanner changes, and pro-
tocol variations), while historical data are often unavailable due to privacy or

https://github.com/PerceptionComputingLab/ROTE
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Fig. 1: (a) SAM-based continual segmentation requires updating the SAM back-
bone, compromising generality. (b) MoE-Augmented SAM has advatantages on
maintaining generality.

storage constraints [3]. SAMs provide an appealing unified backbone for medical
segmentation thanks to strong general-purpose representations and a prompt-
driven interface [4,10]. However, without expandable modular capacity, continual
adaptation is forced to keep perturbing shared parameters, causing accumulated
forgetting and degraded cross-task generalization. Replay-based continual learn-
ing can mitigate forgetting, but its reliance on storing and accessing historical
data often conflicts with clinical data governance requirements.

SAM augmented by Mixture-of-Experts (MoE) [14] enables modular capacity
expansion and decouples plasticity from the shared backbone, making scalable
continual learning possible and maintained broad generality (Fig. 1(b)). MoE
provides conditional capacity by routing each input to a mixture of specialized
experts, so new domains and tasks can be absorbed by experts while the shared
backbone remains stable—an especially natural fit for foundation-model-centric
continual segmentation [16,19]. Introducing MoE at the decoder stage injects
additional adaptation capacity without sacrificing SAM’s generality, support-
ing heterogeneous distributions across centers and time. Crucially, in continual
learning with a frozen foundation model, gradient accessibility and expert re-
coverability are often more important than sparse computation efficiency; thus,
a soft (dense) routing formulation is preferable for flexible expert composition
and stable long-horizon reuse [14,20,13].

However, MoE-augmented SAM exhibits a critical challenge beyond catas-
trophic forgetting: expert allocation imbalance, which drives expert activation
collapse and undermines capacity reuse (Fig. 2(a)). Early in training, standard
gating mechanisms tend to rapidly concentrate routing weights on a small sub-
set of experts, resulting in highly uneven gradient updates and leaving most
experts under-trained [14,20]. As the task stream grows, this imbalance com-
pounds: a few experts become monopolized and prematurely tied to early tasks,
suppressing expert reuse and recomposition for later shifts and reducing overall
plasticity and transferability [11]. At inference, the issue manifests as expert ac-
tivation collapse, where only a handful of experts are consistently activated while
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Fig. 2: (a) Expert allocation imbalance: the gate quickly concentrates routing
weights on a few experts early in training, leading to expert activation collapse
at inference. (b) The ROTE framework integrates routing-aware and timescale-
aware designs to promote balanced expert utilization and long-term continual
learning.

the rest contribute negligibly. Over long task sequences, such routing collapse
progressively nullifies the reusable capacity promised by soft MoE, limiting the
long-term gains of routing-based continual segmentation.

We propose ROTE (Routing-TimEscale), a framework that jointly allivates
expert allocation imbalance and mitigates forgetting by combining routing reg-
ulation with timescale decoupling for long-term continual segmentation. ROTE
keeps the SAM backbone frozen to maximize the stability of general-purpose
representations, while introducing MoE experts exclusively in the decoder and
adopting continuously weighted soft routing to preserve gradient accessibility
and expert recoverability (Fig. 2 (b)). (i) From the routing perspective, we
propose Locally-Regularized Soft Routing (LRSR) based on Kolmogorov–Arnold
Networks (KAN) [9], which regulates routing behavior via constrained nonlinear
mappings [17]. Its locally plastic mapping delays early routing collapse, pro-
motes balanced gradient allocation, and preserves multi-expert activation at in-
ference to improve capacity utilization. (ii) From the timescale perspective,
we propose Hierarchical Temporal Learning (HTL), inspired by the timescale
separation principle of nested learning (NL) [1], to decouple component up-
date dynamics [5]: the backbone remains static, decoder experts are updated
rapidly to adapt to incoming tasks, and routing functions evolve slowly to main-
tain cross-task consistency. This timescale decoupling establishes a controllable
stability-plasticity balance, reducing forgetting and improving long-term contin-
ual segmentation.

In summary, the main contributions of this work are threefold:

– We identify and formalize expert allocation imbalance as a challenge of soft
MoE-augmented, frozen-foundation continual segmentation, and are the first
to address it via ROTE—a routing-timescale framework.
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– We propose Locally-Regularized Soft Routing (LRSR) based on KAN to
ensure smooth and balanced expert routing through constrained nonlinear
functions, enabling effective expert reuse over long task streams.

– We propose Hierarchical Temporal Learning (HTL) inspired by NL to decou-
ple the update dynamics of model components across time scales, improving
the stability-plasticity trade-off and long-term continual learning.

2 Method

ROTE integrates two key components: (1) Locally-Regularized Soft Routing
(LRSR) based on Kolmogorov–Arnold Networks (KAN) to balance routing, pre-
venting early expert monopolization; and (2) Hierarchical Temporal Learning
(HTL), inspired by Nested Learning (NL), to decouple update dynamics across
time scales, matigating forgertting.

2.1 Problem Setup

In continual segmentation, we consider a stream of tasks T = {T1, T2, . . . , TT },
where the t-th task Tt is associated with a dataset Dt = {(p(t)i , x

(t)
i , y

(t)
i )}Nt

i=1.
During training on Tt, data from previous tasks D<t is inaccessible.

The segmentation model builds upon a pre-trained SAM, which performs
interactive segmentation conditioned on prompt inputs p(t)i . To enable continual
adaptation under a frozen backbone, a Soft Mixture-of-Experts (MoE) mod-
ule is embed into SAM’s mask decoder. The MoE module contains K experts
{Ek(·; θk)}Kk=1 and a continuous routing function:

w(·;ϕ) = [w1(·;ϕ), . . . , wK(·;ϕ)], wk(·;ϕ) ≥ 0,

K∑
k=1

wk(·;ϕ) = 1,

which modulates expert contributions through soft weighting during decoding.
For task Tt, the model is optimized by minimizing the segmentation loss

Lt = E(p,x,y)∼Dt

[
ℓ(f(x, p; θSAM, Θ, ϕ), y)

]
, where Θ = {θk}Kk=1 are the expert

parameters, ϕ denotes routing parameters, and θSAM is the frozen backbone.
During training, only Θ and ϕ are updated via: θk ← θk − ηθ∇θkLt, ϕ ←
ϕ− ηϕ∇ϕLt.

2.2 Locally-Regularized Soft Routing via KAN

To mitigate premature expert dominance caused by gradient-driven weight con-
centration in continual learning, a LRSR based on KAN is proposed to enhance
the soft routing function in MoEs. Each expert Ek receives a continuous weight
wk(·;ϕ), where ϕ denotes the routing parameters optimized via the segmenta-
tion loss. During sequential training, if the routing function is overly sensitive to
inputs or parameter perturbations, its gradient ∇ϕLt =

∑K
k=1

∂Lt

∂wk
· ∂wk

∂ϕ tends
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to be dominated by a small subset of experts. This leads to early routing weight
collapse, where only a few experts receive updates while others remain under-
utilized.

LRSR parameterizes the routing function using piecewise spline functions of
KAN, whose key property is local plasticity[17]. Specifically, each spline parame-
ter ϕj affects the routing function only within a localized input region. Formally,
we have ∂wk

∂ϕj
≈ 0, if the input lies outside the support of ϕj . This structural

constraint enforces strong locality in gradient updates, effectively suppressing
indiscriminate global gradient propagation across all experts.

From a gradient propagation perspective, this locality of routing yields two
key effects. First, small perturbations in inputs or parameters no longer induce
disproportionate changes in routing behavior. As a result, the gradient norm
∥∇ϕwk∥ remains stable throughout training, enhancing the robustness of expert
weighting. Second, the gradient contributions from different experts, ∂Lt

∂wk
· ∂wk

∂ϕ ,
become more comparable in magnitude. This prevents any single expert from ex-
ponentially dominating the routing updates, thereby promoting balanced expert
utilization over time.

Summary of Innovation. In the continual learning setting, the LRSR en-
ables locally controlled plasticity for expert routing. Instead of rapidly collapsing
onto a subset of experts during early training, the routing weights evolve grad-
ually across tasks, allowing more balanced expert participation. Compared to
MLP- or attention-based gating functions, which lack explicit gradient locality,
KAN structurally constrains gradient propagation and suppresses premature di-
vergence across experts. This effectively delays routing collapse and preserves
expert utilization efficiency over long task sequences.

2.3 Hierarchical Temporal Learning via Nested Learning

The HTL strategy, inspired by NL, decomposes the update dynamics of expert
and routing parameters through time-scale separation, aiming to further miti-
gate catastrophic forgetting. From a gradient propagation perspective, routing
parameters ϕ modulate the magnitude and direction of gradients received by each
expert via the weighting function w(·;ϕ). When routing and expert parameters
are updated at the same time scale, ϕ tends to overfit transient task-specific gra-
dients, leading to frequent reorganization of expert weights at task boundaries.
Consequently, previously learned experts are repeatedly exposed to disruptive
gradient signals from new tasks, destabilizing continual learning.

HTL addresses this issue by enforcing explicit time-scale separation between
fast- and slow-updating components. In MoE-augmented SAM framework, pa-
rameters naturally fall into three timescale categories: (i) the SAM backbone
parameters θSAM, which remain frozen to preserve representational stability; (ii)
the expert parameters Θ = {θk}, which are updated at every training step to
adapt to current tasks; and (iii) the routing parameters ϕ, which modulate expert
usage across tasks and influence gradient flow over extended time horizons. To
prevent short-term overfitting, routing parameters are updated less frequently
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than experts, while SAM parameters are frozen. Specifically, while θk are up-
dated at every step, ϕ is updated only once every T steps. Equivalently, the
routing gradient can be viewed as an accumulated sum over a temporal window:
∇ϕL ≈

∑t
j=t−T+1∇ϕLj . This update scheme reduces the sensitivity of rout-

ing to batch-level noise, allowing it to encode longer-term gradient trends and
improve timescale stability.

This timescale separation in HTL yields two important effects at the gradi-
ent level. First, the evolution of routing weights becomes explicitly smoothed,
preventing abrupt reconfigurations during task transitions and preserving cross-
task consistency in expert allocation. Second, under a relatively stable routing
context, expert parameters can rapidly adapt to new tasks without being re-
peatedly disrupted by shifting gradient flows. This separation of adaptation and
coordination allows experts to specialize more effectively across sequential tasks.

Summary of Innovation. The HTL constitutes a hierarchical optimization
system composed of fast variables (expert parameters), slow variables (rout-
ing parameters), and frozen vatiables (SAM backbone parameters). The slowly
evolving routing parameters provide a stable context for gradient allocation,
enabling fast-updating experts to adapt efficiently to new tasks. In turn, ex-
pert performance over multiple steps guides the long-term evolution of the rout-
ing function. Meanwhile, the SAM backbone preserves representational stability.
Through this nested decoupling of time scales, the model achieves a principled
balance between plasticity and stability, maintaining adaptability to new tasks
while effectively mitigating catastrophic forgetting.

3 Experiments

3.1 Experimental Settings

Dataset and task setup. ROTE is evaluated on a benchmark comprising 10
publicly available medical image segmentation datasets, spanning a wide range of
imaging modalities including endoscopy, fundus photography, X-ray, CT, MRI,
OCT, and histopathology. Each dataset involves distinct anatomical structures
and segmentation targets. These datasets are arranged into a sequential task
stream, where each task introduces a previously unseen modality or anatomical
region, resulting in substantial cross-task distribution shifts. All tasks adopt a
unified train/validation/test split with a ratio of 7:1:2.

Implementation details. All experiments are conducted using the SAM,
initialized with pretrained weights from the COSMOS-1050K dataset[4]. During
continual learning, the SAM backbone remains entirely frozen. The decoder is
extended with a Soft MoE module, and only the parameters of the MoE are
updated. The Adam optimizer is used with an initial learning rate of 1× 10−4.
Tasks are learned sequentially without access to data from previous tasks, fol-
lowing standard continual learning protocols.

Evaluation metrics. Segmentation performance is assessed using the Dice
Similarity Coefficient (DSC). To characterize continual learning behavior, we
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Table 1: Our ROTE achieves the best performance in terms of both overall
segmentation accuracy and degrading forgetting, mesured by IL-DSC and BWT,
respectively. Higher values indicate better performance.

Method IL-DSC ↑ BWT ↑
Fine-tuning (Decoder-only adaptation) 90.29 96.61
MR [2] (Replay-based with memory buffer) 90.48 96.87
LwF [7] (Output-level distillation) 90.35 96.68
Refresh [18] (Regularization-constrained updates) 90.21 96.48
CODA-Prompt [15] (Prompt-based task modulation) 89.38 98.71
Soft MoE (MLP gating) 90.61 97.10
Soft MoE + LRSR (KAN; Structured nonlinear routing) 90.61 97.13
Soft MoE + HTL (NL; Time-scale separated optimization) 90.67 97.12
ROTE (LRSR + HTL) 91.52 97.70

additionally report Incremental Learning DSC (IL-DSC), which evaluates seg-
mentation performance accumulated over all seen tasks, and Backward Transfer
(BWT), which quantifies the retention of knowledge on previously learned tasks
[8]. All metrics are computed on the held-out test sets.

3.2 Comparison with Other Methods

Table 1 demonstrates that the our ROTE achieves the best performance in
terms of both segmentation accuracy and forgetting suppression, validating its
effectiveness for continual medical image segmentation. First, under a unified
experimental setting, ROTE attains the highest scores on both IL-DSC and
BWT, indicating that it can maintain strong overall segmentation performance
while preserving previously learned knowledge as tasks accumulate. In contrast,
other continual learning approaches exhibit noticeable performance degrada-
tion under severe cross-modality and cross-target distribution shifts: decoder-
only fine-tuning lacks explicit mechanisms for cross-task stability, while replay-,
distillation-, and regularization-based methods rely on historical samples or addi-
tional constraints and still struggle to balance accuracy and knowledge retention
over long task sequences. Furthermore, Soft MoE with a standard MLP gate,
as a direct capacity expansion baseline, achieves only 90.61 IL-DSC and 97.10
BWT, which is clearly inferior to the proposed approach. This result suggests
that simply introducing an MoE structure is insufficient for continual learning.

3.3 Ablation Study

The combination of LRSR and HTL achieves both high accuracy and stable
knowledge retention. Table 1 summarizes the overall continual segmentation
performance under different architectural variants. Starting from a Soft MoE
baseline with conventional MLP gating, incorporating either LRSR or HTL
alone leads to consistent but limited improvements. Specifically, Soft MoE +
LRSR primarily improves BWT by stabilizing expert allocation and enhancing
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Fig. 3: Effectiveness analysis of routing- and timescale-level designs in ROTE.
(Left) Distribution of expert routing weights under different gating mechanisms.
LRSR preserves broader and more balanced expert participation, mitigating
early expert allocation collapse. (Right) Impact of HTL under different routing
update intervals T . T = 1 corresponds to the absence of HTL. Introducing time-
scale separation (T ≥ 2) substantially improves both IL-DSC and BWT, yielding
stable performance across a wide range of update intervals.

expert reuse, while Soft MoE + HTL yields moderate gains in both IL-DSC and
BWT by improving timescale stability. Notably, integrating both components
in ROTE results in a substantial performance boost, achieving the best IL-DSC
and BWT among all compared methods. These results indicate that routing reg-
ularization and timescale decoupling should be jointly considered to effectively
mitigate forgetting.

LRSR alleviates expert allocation imbalance. Without routing regularization,
MoE gating rapidly collapses onto a small subset of experts during continual
training, leading to severe expert allocation imbalance. Fig. 3 (left) visualizes
the distribution of expert routing weights under different gating mechanisms in
reference. Both MLP- and attention-based gating exhibit highly concentrated
weight distributions, indicating premature expert monopolization. In contrast,
the proposed KAN-based LRSR maintains broader and more evenly distributed
routing weights across experts throughout training. This behavior demonstrates
that LRSR structurally suppresses early routing collapse by enforcing localized
gradient propagation, thereby preserving expert plasticity and sustained utiliza-
tion over long task sequences.

Time-scale separation in HTL is critical for mitigating forgetting. Updating
routing and expert parameters at the same time scale causes unstable expert co-
ordination and exacerbates catastrophic forgetting. Fig. 3 (right) examines the
impact of HTL by varying the routing update interval T . When routing param-
eters are updated at the same frequency as expert parameters (T = 1), both
IL-DSC and BWT degrade noticeably. Introducing HTL (T ≥ 2) substantially
improves performance, with consistent gains in both metrics. Moreover, perfor-
mance remains stable across a wide range of update intervals, indicating that
HTL does not rely on sensitive hyperparameter tuning. These results confirm
that decoupling routing and expert updates across time scales is essential for
stabilizing expert coordination and enabling long-term continual segmentation.
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4 Conclusion

In this work, we propose ROTE, a routing–timescale framework for continual
medical image segmentation built upon a frozen SAM backbone with MoE-
augmented decoders. To address expert allocation imbalance and catastrophic
forgetting, ROTE integrates LRSR to balance expert allocation and HTL to
decouple backbone, routing and expert updates across time scales for mitigating
catastrophic forgetting. Extensive experiments demonstrate that ROTE achieves
superior overall segmentation performance over long task sequences.

Acknowledgments. This study was funded by the National Natural Science Foun-
dation of China under Grants 62272135 and 82527807.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.

References

1. Behrouz, A., Razaviyayn, M., Zhong, P., Mirrokni, V.: Nested learning: The illu-
sion of deep learning architectures. In: Advances in Neural Information Processing
Systems (NeurIPS) (2025)

2. Bera, S., Ummadi, V., Sen, D., Mandal, S., Biswas, P.K.: Memory replay for con-
tinual medical image segmentation through atypical sample selection. In: Interna-
tional Conference on Medical Image Computing and Computer-Assisted Interven-
tion. pp. 513–522. Springer (2023)

3. Bruno, P., Quarta, A., Calimeri, F.: Continual learning in medicine: A systematic
literature review. Neural Processing Letters 57(1), 1–21 (2025)

4. Huang, Y., Yang, X., Liu, L., Zhou, H., Chang, A., Zhou, X., Chen, R., Yu, J.,
Chen, J., Chen, C., et al.: Segment anything model for medical images? Medical
Image Analysis 92, 103061 (2024)

5. Jafari, A.A., Ozcinar, C., Anbarjafari, G.: Dynamic nested hierarchies: Pioneer-
ing self-evolution in machine learning architectures for lifelong intelligence. arXiv
preprint arXiv:2511.14823 (2025)

6. Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, C., Gustafson, L., Xiao, T.,
Whitehead, S., Berg, A.C., Lo, W.Y., Dollar, P., Girshick, R.: Segment anything.
In: Proceedings of the IEEE/CVF International Conference on Computer Vision
(ICCV). pp. 4015–4026 (2023)

7. Kirkpatrick, J., Pascanu, R., Rabinowitz, N., Veness, J., Desjardins, G., Rusu,
A.A., Milan, K., Quan, J., Ramalho, T., Grabska-Barwinska, A., et al.: Overcoming
catastrophic forgetting in neural networks. Proceedings of the national academy of
sciences 114(13), 3521–3526 (2017)

8. Li, K., Yu, L., Heng, P.A.: Domain-incremental cardiac image segmentation with
style-oriented replay and domain-sensitive feature whitening. IEEE Transactions
on Medical Imaging 42(3), 570–581 (2022)

9. Liu, Z., Wang, Y., Vaidya, S., Ruehle, F., Halverson, J., Soljačić, M., Hou, T.Y.,
Tegmark, M.: KAN: Kolmogorov–arnold networks. In: International Conference on
Learning Representations (ICLR) (2025)



10 Z. Zhu et al.

10. Ma, J., He, Y., Li, F., Han, L., You, C., Wang, B.: Segment anything in medical
images. Nature Communications 15, 654 (2024). https://doi.org/10.1038/s41467
-024-44824-z

11. Mallya, A., Lazebnik, S.: Packnet: Adding multiple tasks to a single network by
iterative pruning. In: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). pp. 7765–7773 (2018)

12. McCloskey, M., Cohen, N.J.: Catastrophic interference in connectionist networks:
The sequential learning problem. In: Psychology of Learning and Motivation,
vol. 24, pp. 109–165. Academic Press (1989). https://doi.org/10.1016/S0079-7
421(08)60536-8

13. Plotka, S., Mert, G., Chrabaszcz, M., Szczurek, E., Sitek, A.: Mamba goes hoME:
Hierarchical soft mixture-of-experts for 3d medical image segmentation. In: Ad-
vances in Neural Information Processing Systems (NeurIPS) (2025)

14. Shazeer, N., Mirhoseini, A., Maziarz, K., Davis, A., Le, Q., Hinton, G.: Outra-
geously large neural networks: The sparsely-gated mixture-of-experts layer. arXiv
preprint arXiv:1701.06538 (2017)

15. Smith, J.S., Karlinsky, L., Gutta, V., Cascante-Bonilla, P., Kim, D., Arbelle, A.,
Panda, R., Feris, R., Kira, Z.: Coda-prompt: Continual decomposed attention-
based prompting for rehearsal-free continual learning. In: Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. pp. 11909–
11919 (2023)

16. Wang, G., Ye, J., Cheng, J., Li, T., Chen, Z., Cai, J., He, J., Zhuang, B.: SAM-
Med3D-MoE: Towards a Non-Forgetting Segment Anything Model via Mixture of
Experts for 3D Medical Image Segmentation . In: proceedings of Medical Image
Computing and Computer Assisted Intervention – MICCAI 2024. vol. LNCS 15009.
Springer Nature Switzerland (October 2024)

17. Wang, G., Zhu, Q., Song, C., Wei, B., Li, S.: Medkaformer: When kolmogorov-
arnold theorem meets vision transformer for medical image representation. IEEE
Journal of Biomedical and Health Informatics (2025)

18. Wang, Z., Li, Y., Shen, L., Huang, H.: A unified and general framework for contin-
ual learning. In: The Twelfth International Conference on Learning Representations
(2024)

19. Zhang, X., Chen, H., Yuan, Z., Tian, S., Feng, P.: Intelligent communication
mixture-of-experts boosted-medical image segmentation foundation model. arXiv
preprint arXiv:2510.17684 (2025)

20. Zhou, Y., Lei, T., Barham, P., Dai, A., Irving, G., Hubbard, N., Le, Q., Yao, Z.,
Ranzato, M., Nalisnick, E., et al.: Mixture-of-experts with expert choice routing.
In: Advances in Neural Information Processing Systems (NeurIPS) (2022)

https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8

	ROTE: Routing–Timescale Framework for Balanced Expert Allocation in MoE-Based Continual Segmentation

