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Supplementary Material

1. Details of Datasets

We evaluate our CP-IMoE on three multimodal medical
imaging datasets:

Harvard30k Glaucoma [9]. This dataset provides paired
fundus and OCT images for glaucoma screening. We follow
the binary classification protocol (normal vs. glaucoma).
Fundus images offer global morphological cues, whereas
OCT provides structural information, forming a comple-
mentary multimodal pair.

Derm7pt [6]. Derm7pt contains paired clinical and der-
moscopic images of skin lesions. Following the Seven-
Point Checklist protocol, we group diagnoses into five
classes: NEV (nevus), BCC (basal cell carcinoma), MEL
(melanoma), MISC (miscellaneous), and SK (seborrheic
keratosis). Clinical images provide macroscopic lesion con-
text, while dermoscopy reveals fine-grained structures cru-
cial for malignancy assessment.

MMC-AMD [15]. MMC-AMD contains paired fundus and
OCT images for age-related macular degeneration (AMD)
classification. We adopt a four-class setup comprising we-
tAMD, dryAMD, PCV, and normal. Fundus imaging cap-
tures global retinal appearance, whereas OCT provides de-
tailed biomarkers of AMD pathology.

The class distribution in the training and test sets is pro-
vided in Tab. S1.

Dataset Modality Class ‘ Train ‘ Test
Harvard30k Normal 859 224
, . Fundus + OCT

Glaucoma Glaucoma | 628 148
NEV 256 219

BCC 19 16

Derm7pt Clinic + Derm MEL 90 101
MISC 32 40

SK 16 19

wetAMD 266 65

MMC-AMD | Fundus+ocT | I¥AMD 50 8
PCV 143 41

Normal 156 39

Table S1. Class distribution of the three multimodal datasets.

2. More Results

2.1. Model Complexity

As summarized in Tab. S2, our CP-IMoE significantly re-
duces the training cost. Compared with full model train-
ing which means both the backbone and all expert networks
are jointly optimized, CP-IMoE reduces trainable parame-
ters from 93.3M to 21.0M and training FLOPs from 49.2G
to 16.7G. This efficiency gain stems from freezing both the
pretrained encoders and the expert networks, requiring only
three MLP layers to be optimized during deployment. Such
a lightweight design demonstrates the scalability and prac-
ticality of CP-IMoE, especially for large-scale multimodal
systems where computational resources are constrained.

Methods ‘ Trainable Params (M) ‘ Training FLOPs (G)

Full Model Training 93.3 49.2
CP-IMoE (Ours) 21.0 (J 77.5%) 16.7 (J 66.1%)

Table S2. Model complexity analysis.

2.2. Impact of Backbone

As shown in Tab. S3, we investigate the impact of dif-
ferent backbone choices on the performance of CP-IMoE
under varying missing-modality ratios on the MMC-AMD
dataset. When using the ResNet50 [5] backbone with fine-
tuning, CP-IMoE achieves the highest and most stable per-
formance. In contrast, when employing the retinal founda-
tion model RETFound [18], both frozen and fine-tuned set-
tings exhibit a notable performance degradation. Although
RETFound provides strong general retinal features, its pre-
training objective (self-supervised on large-scale unpaired
fundus images) lacks domain adaptation for multimodal
fusion tasks, leading to suboptimal cross-modal analysis.
These results suggest that foundation models may require
dedicated multimodal adaptation or prompt-tuning strate-
gies to fully realize their potential in incomplete-modality
scenarios.

2.3. Model Performance of Each Class

In addition, to intuitively illustrate the comparative perfor-
mance of different models and to provide a detailed analy-
sis of each individual class in different datasets, we plot the
class-wise F1 scores of compared missing modality mod-
els across all three datasets, as shown in Fig. S1. CP-IMoE
consistently achieves the highest average result across the



| Missing Rate: 20% |

Missing Rate: 40% ‘

Missing Rate: 60 % ‘ Missing Rate: 80%

Backbones

| F1 Kappa Acc | F1  Kappa Acc | F1  Kappa Acc | F1  Kappa Ace
ResNet50 [5] Finetuning 86.15 78.62 85.62 | 8396 78.79 85.62 | 83.90 74.63 83.01 | 80.79 72.83 81.70
RETFound [18] Frozen 68.29 58.11 7255 | 66.54 51.04 68.63 | 63.49 4547 6536 | 57.07 39.19 6144
RETFound [18] Finetuning | 47.42 4855 6732 | 4632 4758 6732 | 4549 48.65 6797 | 4842 5043 68.63

Table S3. The impact of backbone selection.
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Figure S1. Class-wise F1-score comparison of missing modality models on the Harvard30k Glaucoma [9], Derm7pt [6] and MMC-AMD

[15] datasets.

four missing-modality settings on the three datasets. Specif-
ically, on Harvard30k Glaucoma [9], CP-IMoE consistently
outperforms baseline MOMKE [16] across all missing ra-
tios. It improves the average F1 by 1.3% at 20% missing
rate, with the margin further increasing to 2.4% at 40%
missing rate and 2.1% at 60% missing rate. Under the ex-
treme 80% missing setting, the improvement reaches 3.1%.
On Derm7pt [6], a similar trend is observed. CP-IMoE con-
sistently outperforms baseline MoMKE [16], improving the
average F1 by 4.0% at 20% missing rate, with notable gains
on challenging classes such as BCC and MISC. The gap
widens as missingness increases, reaching gains of 7.7% at
40% missing rate and 7.2% at 60% missing rate. Under the
extreme 80% missing setting, CP-IMoE achieves its largest
improvement of 13.2%, demonstrating strong resilience on
fine-grained lesion categories. On MMC-AMD [15], CP-
IMOoE again shows superior performance across all missing
ratios. Although the gain at 20% missing rate is modest

(from 85.49% to 86.15%), the advantage becomes clear at
moderate levels, with increases from 80.60% to 83.96% at
40% missing rate and from 78.06% to 83.90% at 60% miss-
ing rate.

Overall, across all datasets and missing ratios, CP-IMoE
not only achieves higher average F1 scores but also main-
tains much more stable performance as the missing rate in-
creases. This highlights its strong robustness and its adap-
tive utilization of both modality-specific and interactive in-
formation.

2.4. Visualization Analysis of Experts Weight

Comparison of expert weight activation between the
classic router and CP-IMoE on the Harvard30k Glau-
coma dataset. From Fig. S2, we can observe that when the
fundus modality (the secondary modality) under low miss-
ing ratios (20%—-40%), the classic router can maintain rel-
atively stable expert activation. However, as the missing
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Figure S2. Expert weight visualization of classic router network under different missing-modality ratios on Harvard30k Glaucoma [9].
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Figure S3. Expert weight visualization of our CP-IMoE under different missing-modality ratios on Derm7pt [6].
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Figure S4. Expert weight visualization of our CP-IMoE under different missing-modality ratios on MMC-AMD [15].

ratio increases, the routing process becomes chaotic, and
the expert weights fluctuate dramatically, indicating that
the router struggles to select appropriate experts for down-
stream inference. In contrast, when the OCT modality (the
primary modality) is missing, the router collapses much
earlier. Even at low missing ratios (20%—-60%), the clas-
sic router consistently over-relies on the synergistic expert.
When the missing ratio reaches 80%, the router again be-
comes unstable, assigning expert weights in a highly irreg-
ular manner. Under random-missing conditions, the routing
behavior lies between the two extremes of missing the pri-
mary or secondary modality. The router exhibits collapse
at low missing ratios (20%—40%), and as the missing ratio
exceeds 60%, it re-enters a disordered state, though less se-
vere than when the primary modality is missing but stronger
than the secondary-modality case.

In contrast, our proposed CP-IMOoE consistently achieves
adaptive and stable expert routing across all missing-
modality settings (Fig. 6), effectively maintaining balanced
expert utilization and preventing representation collapse.

Expert weight activation on Derm7pt and MMC-
AMD dataset. To further validate the generalization ability
of CP-IMoE across different datasets, we visualize the ex-
pert activation on the Derm7pt and MMC-AMD datasets, as
shown in Fig. S3 and Fig. S4. Visualizations across multiple
datasets consistently reveal a clear trend: when the missing-

modality ratio is low (e.g., < 40%), the model tends to rely
more on the synergistic expert, as cross-modal synergy pro-
vides richer discriminative cues. However, as the missing
ratio increases (e.g., > 60%), the synergistic information
diminishes, and the model gradually shifts its reliance to-
ward the available modality-specific experts. In addition,
the redundant expert is rarely selected under any setting,
indicating that the model naturally avoids representations
that do not contribute meaningful discriminative informa-
tion. This consistent pattern highlights the robustness and
cross-dataset generalizability of the proposed expert routing
mechanism.

3. More Analysis

Why collaborative prompt (CLP) is effective for repre-
sentation collapse? Two questions: (1) Why do MoE-
based multimodal models suffer from representation col-
lapse, where the router degenerates into selecting a single
expert for most samples? (2) Why is this issue exacer-
bated under incomplete-modality conditions? The key rea-
son lies in the nature of the router network input, which
is directly derived from multimodal feature representations.
These representations often share highly similar statistical
structures across different samples; thus, when a modal-
ity is missing, the router network input becomes solely de-
termined by the remaining modality. This further reduces



the variability in the router’s input. As a result, the router
observes low inter-sample diversity, leading to saturated
softmax activations and heavily skewed routing coefficients
(e.g., approaching O or 1).

Prior works typically tackle MoE representation collapse
from three angles, (i) Architectural or objective regulariza-
tion, e.g., top-k routing to encourage usage diversity [13];
(ii) Training strategies, such as temperature annealing [2],
stochastic perturbations [7]; (iii) Expert specialization, in-
cluding pretraining or auxiliary tasks that enforce distinct
expert roles to reduce overlap [10, 12].

Inspired that, our approach integrates insights from train-
ing strategies and expert specialization. We first pretrain
each expert to establish well-structured and complemen-
tary expert functions. Then, instead of altering the routing
mechanism, we inject structured information into the router
network input, acting as both a controllable perturbation and
a semantic bias. The static prompt reshapes global decision
regions by conditioning routing on the presence/absence of
modalities, while the dynamic prompt refines local neigh-
borhoods by encoding discriminative cues from the avail-
able streams.

Modality Specificity. As shown in Fig. 6, the modalities
present clear specificity, meaning that they contribute un-
equally to diagnosis. In ophthalmic disease analysis, OCT
plays a more essential role, so missing OCT leads to a large
drop in performance. In contrast, missing fundus images
has a smaller impact. Among the three settings (OCT-
missing, random-missing, and fundus-missing), the model
performs best when fundus is missing. A similar trend is
observed in skin disease diagnosis, where dermoscopy pro-
vides more discriminative information than clinical images.

4. Discussion and Future Works

Experiments with replacing the backbone using a retinal
foundation model reveal an important and somewhat disap-
pointing observation: unlike the rapid advancements seen in
natural-image foundation models such as CLIP [11], LLMs
[8], and VLMs [17], medical foundation models-especially
multimodal ones-are still underdeveloped. A primary chal-
lenge is generalization. Current medical foundation mod-
els often fail to transfer effectively to downstream tasks
and typically remain restricted to narrow vertical domains.
For example, ophthalmic foundation models are applicable
only to eye diseases, while dermatology foundation models
work exclusively for skin-related tasks. This limited cross-
domain usability poses a significant barrier to the broader
adoption of foundation models in medical Al

In contrast, natural-image foundation models benefit
from massive, highly diverse datasets, enabling strong gen-
eralization across various vertical applications, including
emotion recognition [4], anomaly detection [14], and em-
bodied intelligence [3], often without task-specific fine-

tuning. Motivated by this gap, an important future direc-
tion is to develop general-purpose medical foundation mod-
els that can generalize across multiple clinical domains and
produce robust representations without requiring extensive
fine-tuning, ultimately advancing the field of multimodal
medical intelligence.

Furthermore, as shown in Fig. 6 and discussed in Sec-
tion 3 of Supplementary Material, medical modalities ex-
hibit strong modality specificity. This implies that multi-
modal inputs are not always necessary: in certain scenar-
i0s, additional modalities may introduce noise and even de-
grade performance [1]. Therefore, another promising re-
search direction is to explore modality-specific modeling
that selectively activates or suppresses modalities as needed.
Such advancements will facilitate the development of inter-
pretable, deployable, and lightweight multimodal diagnos-
tic models.
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