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tice, as it informs mortality risks and influences treatment LwF ¢ T X ode
plans. However, a static model trained on a single dataset DER++ FCR
fails to adapt to the dynamically evolving clinical environ- IMEX- Feature constrained
ment and continuous data streams, limiting its practical util- SEFQ{ replay of seen features
ity. While continual learning (CL) offers a solution to learn £
) . . T-LoRA = —
dynamically from new datasets, existing CL methods primar- =
ily focus on unimodal inputs and suffer from severe catas- MOSE buffer
trophic forgetting in survival prediction. In real-world sce- MOE-
X . . . . MOSE
narios, multimodal inputs often provide comprehensive and Finetune ? 3 MS-MoE
complementary information, such as whole slide images and EWCl-x Extpanc}(al;le
genomics; and neglecting inter-modal correlations negatively ER 1 eralﬁnm);rsh ;rre d
impacts th§ perforn.lance. To addres§ the two challenge§ of 0.560.57 0.58 0.59 0.60 0.61 and task-specific
catastrophic forgetting and complex inter-modal interactions new routers

between gigapixel whole slide images and genomics, we
propose ConSurv, the first multimodal continual learning
(MMCL) method for survival analysis. ConSurv incorporates
two key components: Multi-staged Mixture of Experts (MS-
MoE) and Feature Constrained Replay (FCR). MS-MoE cap-
tures both task-shared and task-specific knowledge at differ-
ent learning stages of the network, including two modality
encoders and the modality fusion component, learning inter-
modal relationships. FCR further enhances learned knowl-
edge and mitigates forgetting by restricting feature deviation
of previous data at different levels, including encoder-level
features of two modalities and the fusion-level representa-
tions. Additionally, we introduce a new benchmark integrat-
ing four datasets, Multimodal Survival Analysis Incremen-
tal Learning (MSAIL), for comprehensive evaluation in the
CL setting. Extensive experiments demonstrate that ConSurv
outperforms competing methods across multiple metrics.

Code — https://github.com/LucyDYu/ConSurv
Extended version — https://arxiv.org/abs/2511.09853

1 Introduction

Survival prediction plays an important role in clinical prac-
tice, as it quantifies mortality risks and informs therapeu-
tic decision-making. Recent advances in deep learning have
empowered researchers to make substantial progress in de-
veloping effective survival prediction models (Zadeh and
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Figure 1: (a) Comparison of ConSurv against various CL
methods on the MSAIL benchmark. (b) Illustration of Con-
Surv. It learns task-shared and task-specific multimodal
knowledge during training with expandable MS-MoE, while
consolidating previously acquired knowledge through FCR.
A detailed architecture of ConSurv is in Figure 2.

Schmid 2020). Such efforts originally started with unimodal
data sources like Whole Slide Images (WSIs) (Ilse, Tom-
czak, and Welling 2018; Lu et al. 2021; Shao et al. 2021;
Zhang et al. 2022) or genomics (Klambauer et al. 2017;
Vaswani et al. 2017; Chaudhary et al. 2018). More recently,
researchers have incorporated multimodal inputs, including
both WSIs and genomics (Chen et al. 2021, 2022; Li et al.
2022; Zhou and Chen 2023; Xu and Chen 2023; Xiong et al.
2024a), as they provide comprehensive and complementary
information. For comprehensiveness, genomic features re-
sponsible for tumor formation correlate strongly with image
patches of WSIs containing tumor cells (Chen et al. 2021).
Regarding complementarity, WSIs are particularly valuable
in late-stage cancer diagnosis, where survival outcomes are
more predictable with morphological patterns. Meanwhile,
genomic data provides critical insights in early-stage cancer,
where genetic factors drive tumor progression.

However, given the dynamically changing clinical envi-
ronment, the static learning paradigm, where a model is



trained on a single data source, struggles to adapt and gen-
eralize to new data (Pianykh et al. 2020). Such static models
have limited sustainability and become outdated due to on-
going medical data collection, variations in staining proto-
cols, and technological advancements that enhance the qual-
ity of WSI imaging and genomic data (Perkonigg et al. 2021;
Shen et al. 2022; Huang et al. 2023). Moreover, data from
different cancers often exhibit similar patterns (Baba and
Cétoi 2010), and leveraging them appropriately enhances
model performance (Xiong et al. 2024b). Consequently, it
is both necessary and beneficial for models to learn from
multiple datasets. Although retraining a model on new and
existing datasets together is a possible solution, it incurs sig-
nificant computational time and high resource cost.

Continual learning (CL) offers a viable framework to
overcome the limitations of static models and repeated re-
training (Huang et al. 2023; Yu et al. 2024a), thus enhancing
the practical utility and effectiveness of survival prediction
models. In the CL setting, a model is trained sequentially
on multiple datasets, allowing it to adapt to new information
without requiring explicit retraining on prior datasets. A di-
rect approach is finetuning the well-trained model on new
datasets, but this strategy leads to catastrophic forgetting,
which means the model will suffer from severe performance
decline on previously learned datasets (McCloskey and Co-
hen 1989; Ratcliff 1990). This phenomenon occurs because
parameters are updated to accommodate new knowledge and
thereby deviate from the old optimal state for the previous
datasets (Hassabis et al. 2017). CL methods design mech-
anisms to mitigate catastrophic forgetting throughout the
learning process. CL aims to effectively balance plasticity,
the ability to acquire new knowledge continuously, and sta-
bility, the capacity to retain previously learned information.
This is referred to as the stability-plasticity dilemma (Mer-
millod, Bugaiska, and Bonin 2013; Masana et al. 2022; Yu
et al. 2024a), where prioritizing the retention of previously
learned knowledge can compromise the acquisition of new
knowledge, as this process inevitably diminishes the specific
knowledge essential for previous datasets.

While extensive research has explored CL for unimodal
data, work on multimodal data is limited (Yu et al. 2024a).
Specifically, no CL research focuses on WSIs and genomics
modalities. We find that directly applying unimodal CL
methods to multimodal continual learning (MMCL) for sur-
vival prediction can lead to suboptimal performance. We
identify two challenges: (C1) Severe catastrophic forget-
ting. As shown in Figure la, simple adaptations in this
setting are not ideal, and sometimes even yield worse re-
sults than vanilla sequential finetuning, highlighting the se-
vere catastrophic forgetting that current CL methods still
face. (C2) Complex inter-modal interactions. While WSIs
and genomic data offer complementary information, the
model needs to effectively learn the complex correlations
between these modalities (Xu, Zhu, and Clifton 2023), espe-
cially when these correlations vary across different datasets,
which previous CL methods have neglected. Notably, these
two challenges are intertwined, influencing and exacerbating
each other. Catastrophic forgetting can be more severe when
distinct modalities of WSIs and genomics are involved, due
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to different data sizes, inconsistent distributions and repre-
sentations that arise from data heterogeneity (Baltrusaitis,
Ahuja, and Morency 2019; Peng et al. 2021; Yu et al. 2024a).
The learned multimodal interactions diminish due to catas-
trophic forgetting when the model concentrates on learning
new cancer datasets.

To tackle the challenges above, we propose Continual
Survival Analysis (ConSurv), a novel MMCL method de-
signed to learn complex correlations from WSIs and ge-
nomics data and preserve previously acquired informa-
tion throughout the CL process. We propose an expand-
able Multi-staged Mixture of Experts (MS-MoE) module
(see Figure 1b). It facilitates the modeling of complex inter-
modal relationships during continual training by flexibly
combining different experts. It captures both shared and
task-specific knowledge from datasets at different multi-
modal learning stages within the model, specifically WSI
and genomic encoders, and the fusion component. As new
datasets are introduced, corresponding new routers are
added to select relevant experts, which aids in mitigating
catastrophic forgetting.

To further enhance the retention of previous knowledge
and mitigate forgetting, we introduce Feature Constrained
Replay (FCR). Since directly storing large WSIs and ge-
nomic data induces large storage costs, we store only the
processed instance feature representations for replay. During
training, FCR constrains the deviation of individual features
of both modalities after their respective encoders, and the
final fused representations of previous datasets to alleviate
forgetting through knowledge distillation (Gou et al. 2021).

Acknowledging the absence of benchmarks in MMCL for
survival prediction using WSIs and genomics, we propose a
new challenging Multimodal Survival Analysis Incremental
Learning (MSAIL) benchmark to evaluate various CL
methods. This benchmark utilizes four publicly available
survival prediction datasets from The Cancer Genome At-
las Program (TCGA), namely BLCA, UCEC, LUAD, and
BRCA. We evaluate our ConSurv on the MSAIL bench-
mark, and it outperforms other methods on multiple metrics
through extensive experiments. We emphasize that ConSurv
successfully achieves an effective balance in the stability-
plasticity trade-off, effectively acquiring new knowledge
while retaining previously learned information.

The contributions of our paper are summarized as follows:

1. We propose ConSurv, the first MMCL method for sur-
vival analysis across multiple cancers using WSI and ge-
nomic data.

. We design MS-MoE to handle complex, dynamic inter-
modal interactions, and FCR to alleviate catastrophic for-
getting.

. We propose a new MSAIL benchmark for evaluation,
covering datasets of four cancers from TCGA.

. The extensive experiments on MSAIL demonstrate not
only the superiority of ConSurv over competing meth-
ods, but also the effectiveness of the proposed modules.
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Figure 2: Overall architecture of ConSurv. (a) The MMCL workflow for continual survival prediction across different cancer
datasets. We employ a recent SOTA model, MoME (Xiong et al. 2024a), in survival prediction as our backbone model. (b) MS-
MOoE learns both shared and task-specific knowledge at different learning stages of the network, including WSI and genomic
encoders and the modality fusion component. (c) FCR preserves previously learned knowledge through additional loss terms

on the replay buffer.

2  ConSurv Methodology
2.1 MMCL Workflow

MMCL for survival prediction is a CL setting where a model
sequentially learns to predict the survival time on multi-
modal datasets. We provide detailed discussions on related
work and preliminaries for survival prediction in Appendix
A and B, respectively. We define a multimodal dataset se-
quence D = {D1,Ds,..., Dk}, where D; are different
multimodal cancer datasets and K is the number of datasets.
In the MMCL setting, the model is trained on the cur-
rent dataset Dy, (optionally with limited access to previous
datasets). During training, the model parameters 6 are up-
dated in a controlled manner, facilitating learning on Dy
while mitigating the forgetting of knowledge learned from
{D1,D2,--- ,Di—_1}. The CL loss of dataset k has the fol-
lowing general form (Wang and Huang 2024):

£%) (0) = £,(Dy;0) + £ (8), )

where L, is the loss for survival prediction, applying
to the current dataset Dy; Ly is a forgetting-mitigation

27901

term, such as memory-replay and parameter-regularization
loss; ¢ denotes a constant that balances knowledge acqui-
sition and forgetting avoidance in the stability-plasticity
trade-off (Wang and Huang 2024). Model minimizes

E(C]fz when training on each respective dataset Dy, i.e.,

6*() = argming L) (8). In terms of model performance,
CL aims to obtain a model which achieves high performance
on all trained datasets, i.e., 0* = argmaxg Zfil P(0,D,;),
where P(0,D;) is the performance evaluation function
based on different types of datasets and tasks. In the case
of survival prediction, the function is typically the Concor-
dance index (C-index) and C-index IPCW (inverse probabil-
ity of censoring weights) (Uno et al. 2011).

We focus on the task-incremental learning (TIL) setting
in this work (van de Ven, Tuytelaars, and Tolias 2022). In
the CL literature, the term “task” directly corresponds to its
dataset, and therefore, terms “task” and “dataset” are often
used interchangeably. In TIL, for any two distinct datasets
i # j, D; and D; exhibit different input distributions and



label spaces (Wang et al. 2024). This aligns with our setting,
where multimodal datasets correspond to different cancer
types and exhibit different survival time distributions. Al-
though we partition the survival time of each dataset into the
same number of bins, the time intervals of bins are all dif-
ferent, hence different label spaces. Task identities are avail-
able at inference. We employ MoME (Xiong et al. 2024a) as
the multimodal backbone and apply our proposed modules
MS-MoE and FCR in the MMCL training workflow (Sec-
tions 2.2 and 2.3).

2.2 MS-MoE: Multi-staged Mixture of Experts

To address the challenge of learning dynamic inter-modal
interactions between WSIs and genomics data in cancer
datasets, we introduce Multi-staged Mixture of Experts
(MS-MOoE). It is an expandable module designed for inte-
gration with the multimodal backbone while preserving the
backbone’s core architecture (Figure 2a and 2b). We adopt
and modify the Mixture of Experts (MoE) (Shazeer et al.
2017) as the base component of MS-MoE.

Routing Mechanism. The original MoE comprises a set
of “expert” subnetworks and a “router” that selects them.
Instead of adding new experts for each new cancer dataset
Dy, we keep a fixed number ng of experts {&;};'” and
only introduce a new linear-layer router Ry, to limit param-
eter growth, following (Yu et al. 2024b). Using task-specific
routers helps to mitigate catastrophic forgetting when learn-
ing a new cancer type. We employ Sparse MoE (Jiang et al.
2024; Fedus, Dean, and Zoph 2022) to selectively utilize ex-
perts instead of always using all experts. This strategy re-
duces computational costs and encourages experts to learn
task-specific knowledge. Additionally, when the same expert
is selected for inputs from a subset of tasks, this strategy fa-
cilitates inter-task collaboration and the learning of shared
knowledge. We visualize and support the above claims
in Section 3.6. To enable the module to acquire knowledge
across all datasets, we designate one expert as a shared ex-
pert, ensuring it remains consistently active, inspired by (Ra-
jbhandari et al. 2022). The gating weights W (*) employing
this sparse-shared strategy are defined as:

W) — Softmax (TopK-S (Rk (x(k)))> ©
where TopK-S(-) selects the shared expert and top & experts
among the rest experts, while setting non-selected ones to
be —oco. Softmax(-) normalizes the weights. For input x(*)
when training on Dy, the output y*) of the MoE module
MS is defined as:

(k) (k)

y ™ = MS(x

ZW

where Wl-(k) denotes the i-th entry of W (*).

3

Integration into Backbone. Consistent with our goal of
integrating the above MS-MoE modules into the backbone
model while maintaining its core structure, we introduce two
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integration modes: replace and append. If the target inser-
tion point within the MoME architecture contains a stan-
dard Feed-Forward Network (FFN) or linear layer, we re-
place this component entirely with an MS-MoE module.
The experts {&;} within this module are configured to have
an architecture identical to that of the replaced component.
In this mode, if the learned gating weights strongly favor
the shared expert (i.e., weight close to 1), the computa-
tion approximates that of the original layer, and the modi-
fied structure effectively reduces to the original backbone.
If the target insertion point lacks such layers to replace, we
append the MS-MoE module residually. We employ two-
layer FFNs as the experts {&;}. The output y*) incorpo-
rates a residual connection (He et al. 2016) from the input:
y#) = x*) 4 MS(x(¥). In this configuration, if the ac-
tivated experts learn negligible transformations (effectively
mapping inputs close to zero), the output y*) approximates
the original input x(*), again preserving the backbone’s in-
formation flow. Consequently, these integration strategies al-
low MS-MoE to introduce additional capacity and flexibil-
ity for CL while maintaining the integrity and performance
baseline of the original MoME architecture.

Capturing Inter-modal Interactions. To effectively cap-
ture and adapt the complex inter-modal interactions between
WSI and genomic data, MS-MoE modules are strategically
placed at the end of the WSI encoder, the genomic encoder,
and the modality fusion component of the MoME back-
bone. As noted in (Xiong et al. 2024a), MoME’s encoders
already perform cross-modal processing (e.g., the patch en-
coder uses genomic information, and vice-versa). By adding
MS-MoE at all three key stages, our approach aims to en-
hance the learning of these multimodal interactions while
maintaining CL capabilities, adapting expert knowledge and
task-specific routing as new cancer datasets are encountered.

2.3 FCR: Feature Constrained Replay

To further alleviate catastrophic forgetting, we introduce
Feature Constrained Replay (FCR), designed to retain pre-
viously acquired knowledge when training on multimodal
datasets, as depicted in Figure 2c. The FCR module main-
tains features of a small fixed number of seen instances.
During training, it constrains the deviation of features from
WSIs and genomics data after their respective encoders and
the final fused representations of previous datasets to mit-
igate forgetting. Let Fp, F¢, and Fr denote the feature
maps of the WSI patch encoder, genomic encoder, and the
final fusion component, respectively. Given WSI patches
and genomic data (P, G), we obtain patch feature repre-
sentation fp = Fp(P,G), genomic feature representa-
tion f; = Fg(P,G), and the final fusion representation
fr = Fr(fp, fo).

We introduce a fixed-size replay buffer M and utilize a
reservoir sampling strategy (Vitter 1985) to randomly select
sample features from the input data stream and update the
buffer, ensuring equal retention probability for all seen in-
stances. The buffer maintains three types of features: fp, fs,
and fr. For the final fusion representations, an Lo loss is
utilized as a feature distillation technique. It minimizes the



Val

Train BLCA UCEC LUAD BRCA Average (on trained) Random
BLCA | 0.607+0.026 0.545+0.025 - - 0.607+0.026 0.519+0.052
UCEC | 0.500£0.055 0.648+0.080 0.481+0.045 - 0.574+0.061 0.420+0.024
LUAD | 0.512+0.046  0.607+0.076  0.642+0.046 0.518+0.044 0.587+0.036 0.475+0.073
BRCA | 0.531£0.035 0.588+0.062 0.519+0.041 0.650+0.059 0.572+0.024 0.473+0.089

Table 1: Performance (C-index) of each dataset under sequential finetuning.

distance between the representation fr from the buffer M
and that from the current model by following (Gou et al.
2021; Bai, Islam, and Ren 2023):

Lr(M;0) =Ep g to)omlllfr— “)
We define the loss for patch feature representations as:
Lp(M;0) =Ep ctp)mllfe — Fr(P,G)[3], (5

and similarly for £ (M; 6). The total feature constraint loss
is then given by:

Lrpc(M;0) = Lp(M;0)+Le(M;0)+Lp(M;0). (6)

Furthermore, to leverage the replay buffer, the model
is trained on the data points within the buffer using their
ground truth labels, following ER (Chaudhry et al. 2019)
and DER++ (Buzzega et al. 2020). This additional replay
loss is denoted as Lr(M;80) = L,(M;0). Consequently,
during training on dataset Dy, the overall loss for the model
incorporating FCR is:

LY (8) = L£,(Dy;0) +aLpc(M; )+ BLA(M; 0), (7)

where « and 3 are hyperparameters that control the relative
weights of the losses, enabling a balance between learning
from the current dataset Dy, and preserving previous knowl-
edge. Note that here Lr¢o and Lg are not superscripted by
k because their values depend on the update of buffer M
throughout the training process.

3 Experiments
3.1 MSAIL Benchmark

We propose a new benchmark, namely Multimodal Survival
Analysis Incremental Learning (MSAIL) to evaluate differ-
ent CL methods. Experimental settings, evaluation protocol
and implementation details are provided in Appendix C.

Data. Our MSAIL benchmark consists of four multimodal
survival analysis datasets, which we collectively refer to
as Cancer4 for brevity in the context of continual train-
ing. These datasets are from The Cancer Genome Atlas
Program (TCGA). Specifically, they are Bladder Urothe-
lial CArcinoma (BLCA) (n = 373), Uterine Corpus En-
dometrial Carcinoma (UCEC) (n = 480), LUng ADenocar-
cinoma (LUAD) (n = 453), and BReast Invasive CArcinoma
(BRCA) (n = 955). The task order used for this benchmark
is BLCA, UCEC, LUAD, and BRCA. We present an alter-
native task order and the results in Appendix C.4.
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Metrics. To evaluate performance on individual datasets,
we employ the Concordance index (C-index) as our evalu-
ation metric. We moreover utilize C-index IPCW (inverse
probability of censoring weights) (Uno et al. 2011) as an-
other metric, which adjusts the bias introduced by censor-
ing. To evaluate the model in the MMCL setting, we com-
pute Average Performance of the above two metrics as the
main metrics. We additionally report Forgetting (Chaudhry
et al. 2018), Backward Transfer (BWT) and Forward Trans-
fer (FWT) (Lopez-Paz and Ranzato 2017) for reference.

3.2 Research Questions
We aim to answer the following research questions:

* RQ1: Motivation for CL. (1) Does CL offer a perfor-
mance benefit over a static model on new datasets? (2)
What is the severity of catastrophic forgetting with direct
sequential finetuning?

* RQ2: Performance comparison. How effective is our
proposed ConSurv compared with other CL methods?

* RQ3: In-depth Analysis of ConSurv. (1) How effectively
does ConSurv stratify patients into risk groups on each
cancer dataset? (2) How does each component of Con-
Surv impact the performance? (3) How effective is the
routing mechanism of MS-MoE for expert selection?

3.3 Experimental Results

Necessity of Continual Learning (RQ1.1). We first ex-
plore whether a static model can generalize to new datasets.
We directly evaluate the initial model on all tasks before
training, as the random performance baseline. As shown
in Table 1, a model trained on BLCA achieves a C-index
of 0.607. We then evaluate it on the next dataset, UCEC, be-
fore training, and the performance is 0.545, which exceeds
the random performance. This positive forward knowledge
transfer is consistently observed when evaluating on each
subsequent task, indicating the acquisition of shared knowl-
edge. However, this transferred performance is significantly
lower than the performance after training on the respective
dataset (e.g., 0.648 for UCEC), thus highlighting the neces-
sity for CL approaches to achieve optimal performance on
new datasets. Importantly, the existence of positive forward
knowledge transfer enhances the efficacy of CL by provid-
ing an informed starting point for subsequent training.

Quantification of Catastrophic Forgetting (RQ1.2). A
common baseline in CL is to finetuning the model on new
datasets. We next examine the presence of catastrophic for-
getting under this new setting. As evidenced in Table 1, the
performance on the initially learned task drops dramatically



C-index C-index IPCW
Type | Method 0, oee (1) | Forget())  BWT (1) FWT (1) | Average (1) | Forget(l) BWT (D) FWT (1)
Base- | Joint 0.61120.037 - - - 0.545+0.045 - - -
line |Finetune 0.572+0.024 | 0.094£0.041 -0.08620.047 0.058+0.007 |0.52820.055 | 0.136+0.091 -0.101£0.108 0.022+0.160
Reg. | EWC 0.5650.055 | 0.115+0.068 -0.111£0.072 0.050+0.021 |0.510£0.067 [0.105£0.093 -0.084+0.117 0.007+0.130
& |LwF 0.591£0.034 | 0.072£0.039 -0.065+0.047 0.040+0.043 |0.589+0.029 | 0.065+0.056 -0.019£0.093 0.020+0.156
Arch. | T-LoRA 0.58420.022 | 0.000+0.004 0.002+0.005 0.048+0.047 | 0.55320.046 | 0.053£0.042 -0.022+0.052 0.05620.141
ER 0.56120.025 | 0.110+0.052 -0.110£0.052 0.014+0.031 |0.51120.057 [0.107£0.056 -0.088+0.051 -0.046+0.111
DER 0.58420.017 | 0.100+0.041 -0.098+0.043 0.074+0.042 | 0.544+0.024 |0.107£0.031 -0.077+0.082 0.037+0.165
Re. |DER++ 0.59020.030 | 0.082+0.019 -0.0742£0.009 0.08420.026 | 0.541+0.074 | 0.102£0.097 -0.074+0.114 0.055+0.083
lov | MOSE 0.58220.028 | 0.090+0.024 -0.090+0.024 -0.008£0.071 | 0.548+0.065 |0.091£0.061 -0.074+0.041 -0.027+0.133
PlY | MOE-MOSE | 0.572+0.023 | 0.116+0.040 -0.113+0.044 -0.037+0.087 | 0.5470.054 | 0.109+0.075 -0.07720.052 -0.0110.163
IMEX-Reg | 0.589+0.042 | 0.092+0.036 -0.087+0.037 0.048+0.049 |0.589+0.032 |0.037+0.070 -0.009+0.068 0.054+0.139
ConSurv  [0.601£0.045 | 0.088+0.052 -0.0812£0.060 0.067+0.059 |0.597+0.039 | 0.049+0.043 0.002+£0.080 0.083+0.103

Table 2: Comparison results among different CL methods. The best performances are highlighted in bold. The main metrics are
average C-index and average C-index IPCW. Forgetting, BWT, and FWT are reported for reference.

MS- C-index C-index IPCW
FCR | MoE Average (1) | Forget (]) BWT (1) FWT (1) | Average (1) | Forget (]) BWT (1) FWT (1)
0.572+0.024 | 0.094+£0.041 -0.086+0.047 0.058+0.007 | 0.528+0.055 | 0.136+£0.091 -0.101£0.108 0.022+0.160
v 0.581+0.043 | 0.121+0.061 -0.119+0.061 0.079£0.059 | 0.545+0.045 | 0.121+0.096 -0.112+0.104 0.042+0.138
v' 10.585+0.022 | 0.079+0.034 -0.079+0.034 0.041%£0.022 | 0.575+0.015 | 0.078+£0.059 -0.065£0.054 0.067+0.087
v (f) v' 1 0.599+0.026 | 0.083+£0.030 -0.082+0.030 0.044+0.051 | 0.554+0.045 | 0.0860.104 -0.060+£0.093 -0.022+0.111
v v' 10.601+0.045 | 0.088+0.052 -0.081+0.060 0.067£0.059 | 0.597+0.039 | 0.049+0.048 0.002+0.080 0.083+0.103

Table 3: Ablation study of FCR and MS-MoE in ConSurv. “v'(f)” denotes FCR with only the final fusion representation, as

opposed to all three feature levels.

from 0.607 down to 0.531 when the BLCA-trained model
is subsequently trained on UCEC, LUAD, and BRCA. This
phenomenon of forgetting previously learned tasks is con-
sistently observed throughout the training sequence, demon-
strating severe catastrophic forgetting.

Comparison with Other CL. Methods (RQ2). We com-
pare ConSurv with finetuning and other SOTA unimodal CL
methods in Table 2. Notably, several of them exhibit infe-
rior performance compared to finetuning, suggesting that ne-
glecting the complex inter-modal interactions during contin-
ual training negatively impacts the performance. Our Con-
Surv method outperforms all other methods in the main
metrics: average C-index and average C-index IPCW. Fur-
thermore, it achieves the highest BWT and FWT for C-
index IPCW. Other metrics of ConSurv are not the high-
est, since there is a trade-off between absolute performance
and resistance to forgetting, thus they cannot comprehen-
sively assess the effectiveness of ConSurv (Huang et al.
2023). We list those metrics for reference, following previ-
ous works (Huang et al. 2023; Lopez-Paz and Ranzato 2017;
Chaudhry et al. 2018).

3.4 Kaplan-Meier Analysis (RQ3.1)

To further validate the differentiability of our ConSurv on
each dataset in Cancer4, we perform a Kaplan—-Meier analy-
sis with the final model trained under the MMCL setting.
Based on the mean risk value of a dataset, we partition
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patients into low-risk and high-risk groups (Xiong et al.
2024c). The survival outcomes for all patients are visualized
in Figure 3. To assess the statistical significance of the dif-
ference between the two risk groups, we conduct a log-rank
test, following (Xiong et al. 2024c), with a p-value less than
0.05 considered statistically significant by convention. As il-
lustrated in Figure 3, ConSurv successfully stratifies patients
into low-risk and high-risk groups with high statistical sig-
nificance, thus demonstrating its ability to learn and retain
knowledge from multimodal data throughout the CL process
while effectively mitigating catastrophic forgetting.

3.5 Ablation Study (RQ3.2)

‘We conduct an ablation study on our proposed FCR and MS-
MoE modules to investigate their individual effects. The re-
sults are presented in Table 3.

The Effects of MS-MoE. As shown in Table 3, employ-
ing MS-MoE improves the average C-index and average C-
index IPCW, compared to the finetuning baseline (the first
row). Note that MS-MoE operates without the need for data
replay. Thus, the buffer is not used. This observation sug-
gests that MS-MoE effectively facilitates learning of both
shared and task-specific knowledge across datasets, while
alleviating forgetting.

The Effects of FCR. The results in Table 3 indicate that
utilizing FCR in isolation increases both the average C-index
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Figure 3: Kaplan-Meier curves of our ConSurv on Cancer4.
1.0 MS-MoE in Patch Encoder ing to the best overall performance.
08 3.6 MS-MoE Routing Analysis (RQ3.3)
0.6 This section presents an analysis of MS-MoE expert se-
0.4 lection performed by the routers Ry, for each dataset Dy,.
0.2 Our investigation aims to determine whether experts can
£ 0.0 acquire task-specific and shared knowledge across subsets
210 MS-MoE in Genomic Encoder of the dgtasets. As 'illustrated in Figure 4, we qlllant.ify
2 0.8 the selection proportion for each expert on the validation
i datasets. The results reveal a diversity in expert preferences
< 0.6 across different datasets. Some experts specialize in learn-
504 ing knowledge important to a single dataset; for example,
302 expert &3 within the patch encoder’s MS-MoE focuses on
:’:’ 0.0 BRCA. Conversely, some experts are selected across mul-
e MS-MoE in Fusion Component tiple tasks, suggesting the acquisition of shared knowledge;
g 1.0 for instance, expert & within the genomic encoder’s MS-
0.8 MOoE has learned knowledge relevant to UCEC and BRCA.
0.6 This demonstrates MS-MoE’s capacity for appropriate ex-
0.4 pert selection, which facilitates ConSurv’s learning of multi-
PP S B N BN e g ga— modal knowledge throughout the CL process, providing fur-
' ther evidence for the effectiveness of MS-MoE.
0.0 3 "4 5 6 7 s
Expert ID 4 Conclusion
BN BLCA BE UCEC B LUAD B BRCA - Random

Figure 4: Proportion of each expert within the MS-MoE
modules selected on inputs from different datasets. The
brown dashed line represents the expected selection propor-
tion under random sampling, which is 2/7. The last expert
&g functions as a shared expert and is always selected.

and the average C-index with IPCW, demonstrating its effec-
tiveness. Furthermore, based on ConSurv with two modules,
we investigate the performance when only the final fusion
representation is constrained within FCR (the “v'(f)” row in
Table 3). We discover that it already achieves the highest
average C-index, compared with other CL methods, high-
lighting the efficacy of feature constraints. Constraining fea-
tures at the patch, genomics, and fusion levels collectively
results in further improvements across most evaluation met-
rics (comparing the last two rows). These findings suggest
that the two modules collaborate effectively, ultimately lead-
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In this work, we first explore the necessity of CL in multi-
modal survival prediction and quantify severe catastrophic
forgetting in this new setting. We propose ConSurv, the
first MMCL method for survival analysis, to tackle the chal-
lenges of forgetting and complex inter-modal interactions
between gigapixel WSIs and genomics in different cancers.
The proposed MS-MOoE effectively learn shared and task-
specific knowledge at different learning stages of the net-
work, including WSI and genomic encoders and the modal-
ity fusion component. We design FCR to enhance learned
knowledge by limiting feature deviation at multiple levels,
including encoder-level features of two modalities and the
fusion-level representations. In addition, we establish the
new MSAIL benchmark by integrating TCGA datasets and
utilize it for evaluation. Extensive experiments demonstrate
that ConSurv surpasses other methods across multiple met-
rics, with a better trade-off between acquiring new knowl-
edge and retaining previously learned information. A de-
tailed analysis of computational costs, limitations, and fu-
ture work is provided in Appendix D.
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