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interpretability, we design three key components: a multi-modal ensemble mechanism,
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and the alignment between accuracy and uncertainty.
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1. Introduction

Corneal diseases, particularly keratitis, are leading causes of preventable blindness globally, yet their diagnosis
remains challenged by heterogeneous clinical presentations and fragmented multi-center data. While deep learning
has shown promise [1], existing models rely on centralized training, which conflicts with privacy regulations (e.g.,
GDPR [2]) and fails to adapt to dynamic data distributions across time and clinical centers. Specifically, as shown
in Figure 1, multi-center corneal diagnosis exacerbates three key challenges: (1) data is inherently non-iid across
both time dimension and clinical center dimension, demanding effective knowledge transfer in both dimensions
while avoiding catastrophic forgetting; (2) multi-modal corneal data need to complement each other; (3) clinical
trust requires reliability and interpretability.

Federated Continual Learning (FCL) addresses the first challenge by merging federated learning for
privacy-preserving decentralized training and continual learning for training under dynamic data distributions.
Studies on federated continual learning is generally divided into two main paradigms: rehearsal-based and
rehearsal-free methods. Rehearsal-based approaches utilize a memory buffer to store raw data samples or
task-specific prototypes from prior tasks, which are then replayed alongside model decomposition (e.g.,
FedWEIT [3]), knowledge distillation (e.g., GLFC [4] and CFeD [5]), or regularization (e.g., Fedspace [6])
techniques. Nevertheless, memory buffers impose extra storage burdens and raise privacy concerns on centers. To
mitigate this issue, rehearsal-free methods are proposed. TARGET [7] and FedCIL [8] generate pseudo samples by
training additional generative models but research on model inversion attacks [9] shows that additional generative
models pose privacy risks. With the development of vision foundation models, prompt-tuning is used to fully utilize
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the generalization ability of vision foundation models in order to achieve rehearsal-free without pseudo samples.
Fed-CPrompt [10] leverages a global prompt pool consisting of task-specific prompts following CODAPrompt [1 1],
as well as a contrastive continual loss to address non-iid distribution among tasks. Powder [12] proposes a
task-relevance-based prompt aggregation and prompt selection strategy to achieve knowledge transfer across time
and center dimensions while balancing privacy and communication overhead.
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Figure 1. Challenges in multi-center corneal diagnosis.

However, due to the second and third challenges, existing FCL methods are far from usable in the field of
multi-center corneal diseases diagnosis. Therefore, we propose Powderless, which adds three major modules to
Powder. (1) It incorporates a multi-modal ensemble mechanism to fully utilize multi-modal corneal data; (2) It
designs an energy-based uncertainty estimation module to enable physician intervention when uncertainty is high,
thereby improving reliability; (3) It designs a decision explanation module grounded in causal intervention to provide
reasons for decisions, thereby improving interpretability. Please refer to Table 1 for comparisons of Powderless and

existing FCL methods.

Table 1. Comparisons of Powderless and existing FCL methods in terms of four desirable properties.

Method Privacy-Preserving = Knowledge Transfer Reliability Interpretability

FedWEIT [3] X X X X
GLEFC [4] X X X X
CFeD [5] X X X X
Fedspace [6] X X X X
TARGET [7] X X X X
Fed-CPrompt [10] v X X X
Powder [12] v v X X
Powderless v v v v

In conclusion, our contributions are threefold:

e The first work to apply FCL to multi-center corneal diseases diagnosis, explicitly explaining the importance of
this scenario and addressing its three core challenges: privacy-preserving knowledge transfer, multi-modal
complementarity, diagnostic reliability and interpretability.

e A targeted solution to each challenge via Powderless’ modular design: (1) task-relevance-based prompt
aggregation and prompt selection for privacy-preserving knowledge transfer; (2) ensemble mechanism to
utilize multi-modal corneal data; (3) energy-based uncertainty estimation to enhance diagnostic reliability;
(4) causal intervention to explain decision grounds for interpretability.

e Comprehensive evaluation on the Keratitis dataset shows that Powderless outperforms base models,
single-modality variants and local training across key metrics including accuracy and uncertainty-accuracy
alignment, providing solid evidence of its effectiveness for multi-center corneal diseases diagnosis.
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2. Related Work
2.1. Federated Learning

Federated Learning (FL) constitutes a distributed model training paradigm anchored in privacy preservation.
Within this framework, individual clients conduct local parameter updates using their private datasets, with
only the trained model parameters transmitted to a central server for global model aggregation. This approach
enables the development of high-performance global models while preventing the privacy risks associated with
raw data sharing. FedAvg [13], a foundational algorithm in the FL domain, achieves global model aggregation
by computing a weighted average of client-local models, where the weights are proportional to the size of each
client’s local dataset. Despite its widespread adoption, FL faces three critical challenges: mitigating catastrophic
forgetting, facilitating effective knowledge transfer across clients, and reducing communication overhead under
non-iid scenarios. To address the challenge of forgetting, existing approaches primarily incorporate regularization
mechanisms either on model weights [14,15] or model outputs [16] to constrain the direction of parameter updates
and preserve previously learned knowledge. For knowledge transfer, beyond the simplistic global aggregation
strategy employed in FedAvg, personalized federated learning methods [17, 18] are proposed to enhance knowledge
sharing by designing client-specific aggregation strategies that prioritize relevant information exchange between
clients. Regarding communication efficiency, research efforts focus on optimizing parameter transmission [19]
and accelerating model convergence [20]. With the advancement of vision foundation models—such as the Vision
Transformer (ViT) [21], recent studies demonstrate that parameter-efficient fine-tuning techniques [22,23] can
effectively tackle the aforementioned FL challenges [24,25].

2.2. Continual Learning

Continual Learning is dedicated to equipping a model with the capability to acquire knowledge of new tasks
sequentially while mitigating the forgetting of previously learned ones. Two core challenges in this field stand out:
catastrophic forgetting and cross-temporal knowledge transfer. Regarding the first challenge, catastrophic forgetting,
replay-based approaches [26-29] focus on optimizing the utilization of a memory buffer that preserves samples
from prior tasks. They also develop sampling strategies to identify and store the most representative samples within
this buffer. For the more demanding rehearsal-free setting, regularization-based methods [30,3 1] restrict or impose
penalties on the update of parameters that are critical to previous tasks. In contrast, optimization-based methods
directly regulate the optimization process of current tasks through techniques such as gradient projection [32,33],
meta-learning [34,35], or the learning of robust representations [36,37]. For the second challenge, knowledge
transfer, PR [38] leverages Bayesian principles to learn task-specific posteriors based on a shared meta-model.
CUBER [39] classifies regularization into various transfer categories by analyzing the angles between task gradients
and the sample space. D-TS [40] implements selective knowledge distillation for new tasks using a dynamically
expanding teacher module. With the advancement of visual foundation models featuring robust representational
capacities and the rise of Visual Prompt Tuning [22], several prompt-based approaches have demonstrated notable
efficacy. L2P [41] proposes a key-query similarity mechanism to select prompts from a pre-constructed prompt
pool, which are then used to adapt the visual foundation model to diverse tasks in the continual learning paradigm.
Building on L2P [41], DualPrompt [42] splits the prompt pool into task-specific and task-invariant components.
CODAPrompt [ 1] converts the prompt selection process into a differentiable procedure via an attention mechanism
and appends task-specific prompt segments to the pool, thereby achieving state-of-the-art performance.

2.3. Multi-Center Medical Diagnosis

Multi-center medical diagnosis faces fundamental challenges in data acquisition, where labeling medical data
requires expert knowledge. Collaboration between institutions could address this challenge, but sharing medical
data to a centralized location faces various legal, privacy, technical, and data-ownership challenges, especially
among international institutions. To address these concerns, federated learning emerges as a promising solution,
enabling collaborative, decentralized training of models across multiple clients without transferring data between
them. The federated learning framework provides a foundation for training large-scale multi-variate time series
models [43] on critical care data [44] and leveraging fundus data from multiple institutions to improve diagnostic
generalization at under-resourced hospital [45]. Advanced federated learning approaches are developed for specific
medical applications, such as the federated stain normalization method for computational pathology [46], which
proposes BottleGAN, a generative model that can computationally align the staining styles of many laboratories and
can be trained in a privacy-preserving manner to foster federated learning in computational pathology. In this paper,
we focus on corneal diseases.
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2.4. Corneal Diseases Diagnosis

Al applications for specific corneal diseases achieve remarkable success. For keratoconus detection, [47]
proposes a hybrid deep learning method using seven different corneal maps including anterior and posterior
elevation, anterior and posterior curvature, anterior and posterior sagittal, and corneal thickness. [48] develops a
Transformer-based CNN architecture that analyzes raw Scheimpflug corneal deformation sequences, achieving high
sensitivity without the need for reconstructed topographic maps. For infectious keratitis diagnosis, a convolutional
neural network using anterior segment photos is developed to differentiate between bacterial keratitis, fungal keratitis,
non-infectious corneal lesions, and normal corneas [49]. Furthermore, [50] introduces a knowledge-enhanced
multi-modal classifier that integrates slit-lamp images with clinical metadata to improve the differential diagnosis of
bacterial and fungal keratitis. For diabetic neuropathy diagnosis, [51] employs a convolutional neural network with
data augmentation for automated quantification of the corneal sub-basal nerve plexus. Additionally, [52] trains a
ViT-based model for the binary classification of CCM images, demonstrating superior performance in detecting
diabetic peripheral neuropathy compared to traditional CNN architectures.

3. Method

The proposed Powderless includes a prompt pool with aggregation and selection mechanism, Multi-modal
Ensemble Mechanism (MEM), Energy-based Uncertainty Estimation (EUE) and Decision Explanation (DE). Please
refer to Figure 2 for the overall framework.
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Figure 2. The overall framework of Powderless.

3.1. Preliminaries

Problem Statement. Suppose there are IV corneal diseases diagnosis tasks 7 = {71, ..., 7™ }. In the scenario
with C clinical centers sharing a single server, each center ¢ € {1, 2, ..., C'} can learn tasks sequentially at their own
pace. We denote T as the current ¢.-th task being learned by the c-th center. Each center sequentially learns N,
tasks. The model parameters of the c-th center during training the ¢.-th task are denoted as Off. Besides, we use | - |
to represent the size of sets, | - ]; ; to represent the ij-th entry of a matrix.

Prompt-tuning. Prompt-tuning operates on the multi-head self-attention layers (MHA) [53]:

MHA (hg, hg, hy) = Concat(hy, ..., h,,)W© (D)
where h; = Attention(hQW?, hxWE hy W),

where m is the number of heads and WO, W? Wf( , WY are projection matrices. hg, hg, hy are the same in
ViT [21]. Prompt-tuning concatenates trainable prompts to input tokens or input of MHA layers, which is equivalent
to concatenate the same prompt parameter p to hg, h and hy, namely MHA([p; hg], [p; hk], [p; hv]). During
the training, p is optimized by gradient descent while other parameters are frozen.

CODAPrompt. For the generation of prompts, existing prompt-based FCL methods [10,54] mainly follow
CODAPrompt [11], a state-of-the-art prompt-based CL method. During the training of 7'<, there is a set of
task-specific prompts Ple € RM*LXD for Tt where M is the length of the set, L is the length of a prompt, D
is the output dimension of a ViT encoder. The prompts from existing tasks collectively form the global prompt
pool P, € RMg*LXD “\where My = M x N. N is the number of existing tasks. For each sample z, its prompt
p € REXD is generated by a weighted sum of the prompts,
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M,
P=) " an[Pgln, ©)
where the weights o = {a1, g, ..., any, } are achieved through query-key similarity:

a = {7(q(z) © [Agl1, [Kg]1),7(q(2) © [Aga, [Kglo),
- 7(a(@) © [Aglar, s Kglar, )}, 3)

where K, € RMs*P and A, € RMs*D are trainable keys and trainable attention weights corresponding to each
prompt in P, respectively. © is the Hadamard product. «(-,-) is the cosine similarity. Due to the one-to-one
correspondence between Ay, K, Py, weuse P, € RMgx(2+L)xD o represent them together as the global prompt
pool for simplicity.

Energy-Based Model (EBM). The core of EBM is an energy function Eg:. : RP — R, which is parameterized
by 6'. The learning objective is letting Egte assign low energies to observed variables while giving high energies
to unobserved ones. With Ej:., any probability density p(z) for z € RP in an EBM can be written as

exp(—Fyi (2))

Zer) @

Dgte (z) =
where Z(6') = [, exp(—FEjyt. (x)) denotes the normalizing constant, also known as the partition function. An
EBM can be represented by using any function as long as the function can generate a single scalar given some input
x. Following [55], we assume Ej. is represented by a deep neural network.

3.2. Prompt Aggregation and Prompt Selection

It can be seen from the preliminaries that how to generate prompts is the core of prompt-tuning in FCL. In order
to transfer more useful knowledge with fewer parameters and privacy protection, as shown in Figure 3, we utilize a
two-step prompt aggregation and selection following [12].

é Server )
Aggregation ’ </
\_ /%electic n )
Bottom-up —)< Top-down
Center 1 Center 2

Figure 3. Prompt aggregation and prompt selection.

Prompt Aggregation. Initially, following [12], we estimate a dual task correlation matrix G#* € RMs*Ms (o
represent the dual dimension correlations between existing tasks, where [G‘;‘Skh ;j represents the similarity between
i-th task and j-th task. We update this matrix when new tasks emerge in the system. With G;“Sk, the prompts
corresponding to each task in the global prompt pool P, € RMo (2+L)%D are aggregated with other prompts based
on task correlation to transfer the most relevant knowledge, that is:

P, =G“. P, 5)

o Mg as
where [P],, = Zm G, 5 m [P glm;

https://doi.org/10.53941/tai.2026.100008 123


https://doi.org/10.53941/tai.2026.100008

Piao and Wu Trans. Artif. Intell. 2026, 2(1), 119-130

Prompt Selection. Since transferring the entire prompt pool in each round would incur increasing
communication and computational overhead, we select the top-k relevant tasks (including itself) for each task 7
based on the dual task correlation matrix G?Sk, that is:

plocal — [ [P, | s € top-k([G™];.) 1, ©

where [G‘gas"}tc is the correlation of 7 < with other tasks. Then, the server transmits the aggregated prompts to the
client where task 7 < is located. The prompts for sample z are calculated by aggregation with query-key similarity
introduced in Section 3.1, but with the local prompt pool Plecal = {Plocal|] <4 < ¢.}.

Although only a subset of the global prompt pool is transmitted between the center and server to mitigate
the communication overhead, the existence of the first-step aggregation allows the center to transfer knowledge
from the entire global prompt pool, which has also been filtered through task correlation. Additionally, as new
tasks emerge, previous tasks continuously gain knowledge from the most relevant new tasks, thus achieving
backward knowledge transfer. Moreover, due to the first-step aggregation, we avoid transmitting prompts containing
task-specific knowledge unaltered to the center, and the transmitted prompts have a high relevance to the tasks on
the center, which alleviates privacy concerns to some extent.

3.3. Multi-Modal Ensemble Mechanism (MEM)

For both the image and text modality classification models, the final two steps of the classification head are
identical. First, p = softmax(h), where h € RF represents the model’s logits, F' is the number of classes, and
p € RF is the probability distribution over the classes. Then, the class with the highest probability is selected as
the final prediction. To fully leverage the multi-modal data and enable information complementarity between the
modalities, we design the following ensembling mechanism: p = softmax(himlge + hyex( ), where himage € R¥ and
hix; € R are the logits from the image model and the text model, respectively.

3.4. Energy-Based Uncertainty Estimation (EUE)

Given a classification task 7256 with F' categories, we use an open-world softmax [55] classifier with ' 4 1
categories. The F'+ 1-th score represents open-world uncertainty, where the classifier should be able to produce high
uncertainty scores to abnormal input, which in turn can lower the confidence on the original F' categories’ prediction.
Combined with MEM in Section 3.3 with p € RF !, hypee € RFHL ey € RFF! and p = softmax (himage +hiext)s
we obtain the final prediction as follows:

fore(2) = { argmax, << ppli] I < ™
e physician intervention else
where (3 is the uncertainty threshold that requires physician intervention. In order to achieve significant classification
performance while allowing p[F' + 1] to encode uncertainty, the open-world softmax classifier is trained with the
following energy-based objective function:

min By(z) [~1og ply]] + M1 Lawa + AeBp, (o) [Flog p[F +1]], ®
where \; and Ao are hyperparameters. The first term is the maximum log-likelihood objective for the classification
task with I categories using the ground-truth label y. The second term is the dual distillation loss following [12]
to reserve the transferred knowledge. The third term can also be seen as maximum log-likelihood objective—for
input sampled from pytc (z). Note that Dgte () denotes the abnormal input distribution conditioned on €%, which
is approximated by Stochastic Gradient Langevin Dynamics (SGLD) [56]. Specifically, the SGLD sampling

process follows
o 8E9tcc (.’Et)

mt-&-lixt*gTJr\/aﬁ, e~N(0,I), 9

where ¢ > 1 denotes the SGLD iteration and x; = x. « is the step size and € is a random noise sampled from a
normal distribution. In practice, we use hidden states rather than original inputs as x; because they are smoother for
the estimation of gradients [57].

3.5. Decision Explanation (DE)

To meet the interpretability requirements for multi-center corneal diseases diagnosis, we propose using causal
intervention [58,59] as an influence function to assess the impact of features in the text modality input on the
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prediction results. Specifically, we sequentially remove features from the text modality input, as illustrated in
Figure 4b, with replacement, and calculate the difference between the probability distribution of the prediction results
after removing each feature p’ € RY" and the distribution before removal p € R*". This difference Ap = p — p’ is
regarded as the influence of that feature on the prediction. The influence of all features is regarded as the reasons
for decision.

{

"edema": {"Transparency": "Moderate"},

"infil": {"Graininess": "Coarse", "Distribution Uniformity":
"Uneven", "Density": "Medium Density", " Abnormal
Color": "No Abnormality", "Edge Morphology":
"Uniform Edges", "Surface Dryness/Wetness": "Wet",
"Satellite Lesions": "No Satellite Lesions"},

"epithelial defect": {"Terminal Bulging": null}

§
(2) Image (b) Text

Figure 4. Image and text samples from the Keratitis dataset.

4. Experiment

4.1. Dataset

Our Keratitis dataset comprises 2834 samples from 621 patients, categorized into four classes: Amoeba,
Bacterial, Fungal, and Hsk. Detailed statistical results are presented in Table 2. As shown in Figure 4, each sample
includes a corneal image, textual descriptions, and its corresponding unique category. The textual descriptions
consist of: the degree of edema reflected by transparency; the Infil attribute characterized by seven features including
granularity, distribution uniformity, density, abnormal color, edge morphology, surface moisture, and satellite
lesions; the presence or absence of an epithelial defect manifested as terminal enlargement.

Table 2. Keratitis dataset statistics.

Class Name Number of Patients Number of Samples
Amoeba 48 371
Bacterial 109 508

Fungal 153 824
Hsk 311 1131

4.2. Experimental Setup

At the task level, we divide the 4 categories into a total of 6 distinct binary classification tasks, and assign
three continual learning tasks to each of the two clinical centers. To ensure no overlap of data between the training
and test sets, as well as across different tasks, we first randomly sample 20% of the data from each category of
the complete dataset as a public test set while the remaining 80% is used as the training set. For each task, 30%
of the data is sampled from the corresponding category in the training set in a non-overlapping manner between
tasks. At the backbone level, for the image modality, we employ ViT-B/16 as the backbone and attach a two-layer
MLP with ReLU activation as the classification head. For the text modality, we use Qwen3-Embedding-0.6B as the
backbone, and compute the cosine similarity between the input text embedding and each category embedding as
the classification head. At the methodology level, for the image modality, we insert prompts at layers 3—5, with
M =10, L = 8, and D = 768. For the text modality, prompts are inserted between layers 1-18, with M = 10,
L =8, and D = 1024. At the training level, each task is trained for 10 epochs using the Adam optimizer with a
learning rate of 0.005. Prompt aggregation and prompt selection are performed only at the beginning of each task.
Arissetto 1, Ay to 0.5, a to 1, and use x; in the first layer. We compare our methods with vanilla fine-tuning and
state-of-the-art FCL methods GLFC, Fed-CPrompt and Powder.

https://doi.org/10.53941/tai.2026.100008 125


https://doi.org/10.53941/tai.2026.100008

Piao and Wu Trans. Artif. Intell. 2026, 2(1), 119-130

4.3. Evaluation Metrics

Final Accuracy (FA). This metric measures the final accuracy after the whole FCL process, computed as
FA = ‘—71_| ZT;GT at, where T denotes all tasks during the FCL process, a’, denotes the accuracy of task 7! after
the whole FCL process. a’, is calculated by ﬁ Y egyer: Lfgre (@) = y).

Final Expected Calibration Error (FECE). This metric measures the final reliability after the whole FCL
process, computed as FECE = ﬁ DorteT e’.. Expected Calibration Error (ECE) e!, approximates the expectation
of the difference between accuracy and confidence, which can reflect how well the prediction confidence aligns
with the true accuracy. Specifically, the confidence estimates made on all test samples are partitioned into L equally
spaced bins, and the difference between the average confidence and accuracy within each bin I; is calculated by

Yiir | Eeyen PUgre @)e) = o pen Wone () = 9)l-

4.4. Experimental Results

Final Accuracy. As shown in Table 3, Powderless achieves a 9.08% improvement in FA compared to vanilla
fine-tuning, and a more than 1.89% improvement compared to existing FCL methods. This illustrates the importance
of FCL in multi-center corneal diseases diagnosis while showing that EUE even brings a slight performance
improvement compared with the vanilla powder.

Table 3. The FA of single-modal and multi-modal version of different methods.

Method Text-Only Image-Only Ensemble
Client 11 Client 21 Average! Client 11 Client 21 Average! Client 11 Client 21 Average?!

Vanilla Fine-tuning 31.31 45.99 38.65 50.96 60.52 55.74 51.11 60.74 55.93
Vanilla Fine-tuning + EUE 31.31 45.99 38.65 53.62 62.04 57.83 53.47 62.26 57.87
GLFC 31.31 45.99 38.65 50.28 62.29 56.47 53.85 63.23 58.91
Fed-CPrompt 54.97 43.15 49.16 52.16 63.98 57.97 55.53 65.10 60.23
Powder 59.53 48.48 54.01 52.73 62.91 57.82 55.54 64.21 59.88
Powderless (Local) 55.24 42.95 49.10 52.58 63.77 58.18 54.51 64.64 59.58
Powderless 55.69 43.82 49.76 52.88 64.64 58.76 56.28 65.73 61.01

Knowledge Transfer. As shown in Table 3, Powderless improves FA by 2.40% compared to local
training, with significant transfer effects across different clinical centers. This demonstrates the effectiveness of
task-relevance-based prompt aggregation and prompt selection.

Multi-modal Complementarity. As shown in Table 3, Powderless achieves 9.45% improvement in FA
compared to single-modal vanilla fine-tuning, and 3.83% improvement compared to single-modal Powderless
training. This demonstrates the effectiveness of the MEM.

Reliability. As shown in Table 4, Powderless reduces the FECE by 5.92% compared to vanilla fine-tuning,
and by 11.15% compared to using only Powder. This demonstrates the effectiveness of EUE.

Table 4. The FECE of single-modal and multi-modal version of different methods.

Method Text-Only Image-Only Ensemble
Client 11 Client 21 Average! Client 11 Client 21 Average! Client 11T Client 21 Average?!

Vanilla Fine-tuning 38.74 43.59 41.17 28.29 20.28 24.29 32.24 26.89 29.57
Vanilla Fine-tuning + EUE 38.74 43.59 41.17 27.23 19.68 23.46 33.72 29.22 31.47
GLFC 38.74 43.59 41.17 20.32 20.23 20.30 33.03 23.37 28.31
Fed-CPrompt 45.40 37.19 41.28 20.48 20.20 20.26 33.18 23.39 28.24
Powder 47.13 36.01 41.57 20.25 18.96 19.61 36.72 25.89 31.31
Powderless (Local) 45.58 35.67 40.63 19.81 19.15 19.48 30.96 22.10 26.53
Powderless 44.73 36.53 40.63 20.10 19.86 19.98 32.66 22.98 27.82

Interpretability. As shown in Figure 5, Powderless illustrates the degree of influence of each text feature on the
final decision. This will help to demonstrate whether the decision is reasonable and to identify the model weaknesses.

Scalability. We construct a setting with two centers, each containing six tasks, by equally splitting the training
sets of the six distinct binary classification tasks mentioned in Section 4.2 into two parts. As shown in Table 5,
as the number of tasks increases, the FA of Powderless and the baselines decreases, but Powderless consistently
maintains its lead. Additionally, we evaluated the average single-task training time and inference time of Powderless
and the baselines in Table 6. Powderless achieves better performance while keeping inference time at the same level
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as the baselines. Although SGLD introduces additional training overhead, this is acceptable in medical scenarios
where the number of centers and task frequency are typically low.

The recognition result is Hsk

The influence of the feature edema -> EHM: & on the recognition is:
Influence of Input Features on

003408953547477722
003620728850364685

Classification Probabilities

: 8 on the recognition is:

005271881818771362
.0010406970977783203
Probability of Hsk: -0.0011506080627441406
Ir’put Feature81 The influence of the feature infil - FHHE on the recognition is:
Amoeba Probability of Amoeba: -8.00413079559803009
Probability of Bact: 0.00027942657470703125
Probability of Fungal 017340630292892456
Probability of Hsk: 0. 86855459213257
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Figure 5. The influence of input features on the decision.

Table 5. The FA of multi-modal version of different methods with 3 and 6 tasks on each center.

Method 3-Task 6-Task

GLFC 58.91 53.47
Fed-CPrompt 60.23 53.85
Powder 59.88 55.53
Powderless 61.01 55.53

Table 6. The training and inference overhead of multi-modal version of different methods.

Method Training Time (s) Inference Time (s)

GLFC 100.21 19.41
Fed-CPrompt 105.02 20.74
Powder 104.83 20.68
Powderless 2560.26 20.92

Hyperparameter Sensitivity Analysis. As shown in Figure 6, we conduct a sensitivity analysis on the four
hyperparameters A1, Az, «, and . The results indicate that the impact of A1, A2 and a on FA does not exceed 10%.
FA gradually increases as (3 increases but this also requires more physician intervention.

Hyperparameter Sensitivity Analysis: Au Hyperparameter Sensitivity Analysis: Az Hyperparameter Sensitivity Analysis: « Hyperparameter Sensitivity Analysis: B

61 -@- ) sensitivity 61 —8~ ) sensitivity 61 -8~ asensitivity -@- B sensitivity

62.50
62.25

62.00

A

61.75

61.50

61.25

61.00

000 025 050 075 100 125 150 175 2.00 000 025 050 075 100 125 150 175 2.00 000 025 050 075 100 125 150 175 2.00 02 03 04 05 06 07 08 09 10
N n « 8

Figure 6. Hyperparameter sensitivity analysis.
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5. Conclusions

This paper proposes Powderless, a federated continual learning method for multi-center corneal diseases
diagnosis. It achieves knowledge transfer across time and clinical center dimensions under privacy-preserving
conditions through task-relevance-based prompt aggregation and prompt selection. By employing an ensemble
mechanism, it facilitates mutual enhancement among multi-modal data. Additionally, it enhances diagnostic
reliability and interpretability via energy-based uncertainty estimation and causal intervention. For future work, we
will continue to explore interpretability on the visual side.
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