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A. Overview
In the supplementary material, we provide pseudocode
for MergeSlide (Sec. B), implementation details of the
backbone fA (Sec. C), the full set of designed class-
aware prompts per task (Sec. D), clarification of the class-
incremental and task-incremental scenarios (Sec. E), defi-
nitions of evaluation metrics (Sec. F), and a discussion on
comparison with the zero-shot approach (Sec. G). We fur-
ther report additional metrics, including per-class Precision,
Recall, AUC, and Macro/Weighted F1 (Sec. H). Additional
comparisons are also included (Sec. I), such as task-wise
performance drops, confidence score analysis, an ablation
study on task-specific MLP-free fine-tuning, and perfor-
mance after training on the final task.

B. Pseudocode
To provide a clearer description of MergeSlide, we present
Algorithm 1, which comprehensively summarizes its pro-
cesses and operations when training on a stream of T
datasets.

C. Details of Slide Aggregators
In this section, we provide details of the slide aggregator fA
used in this study. For other rehearsal-based methods such
as ER-ACE [3], AGEM [4], DER++ [2], ADaFGrad [1],
and ConSlide [7], fA is implemented using the HIT back-
bone introduced in the ConSlide study [7] to ensure a fair
comparison. HIT is a hierarchical transformer designed to
leverage pyramid multi-level images of a WSI. This network
includes L = 2 Transformer blocks with a hidden dimension
size of dmodel = 384. Each Transformer block contains two
self-attention layers for patch-level and region-level embed-
dings, respectively, with a cross-interaction mechanism to
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Algorithm 1 MergeSlide

1: Input: Sequence of T training datasets Dtrain = {Dtrain
t }Tt=1, each with ct cancer subtypes. Testing datasets:

Dtest = {Dtest
t }Tt=1.

2: Init: Pre-trained slide aggregator fA(·, θbase)
3: Initialize controlling factor λ1 ← 1
4: ∀Xi ∈ {Dtrain

t , Dtest
t }Tt=1, perform tissue segmentation, tiling, patch embedding, and sampling to obtain B′

i.
5: Fine-tuning and model merging:
6: for t = 1 to T do
7: Fine-tuning for task t: ▷ Sec. 3.2.1
8: Define class prompts P C,t and embeddings EC,t

9: Initialize weights: θt ← θbase
10: Train fA on B′

i ∈ Dtrain
t :

11: Zi ← fA(B
′
i, θt)

12: p̂i ← {Zi · (eC,tj )⊤ | eC,tj ∈ EC,t}
13: Update: θt ← argminθt Lt(yi, p̂i)
14: Continual model merging: ▷ Sec. 3.2.2
15: if t > 1 then
16: ∆θ̃1:t−1 ← θ̃1:t−1 − θbase
17: ∆θt ← θt − θbase
18: SVD: ∆θ̃1:t−1 ← UΣV ⊤

19: Project: G(∆θt)← U
(
(U⊤∆θtV )⊙M

)
V ⊤ ▷ Eq. (4)

20: Compute λt ← t · ∥λt−1∆θ̃1:t−1+G(∆θt)∥2∑t
i=1 ∥θi∥2

▷ Eq. (5)

21: Merge: θ̃1:t ← θbase +
λt−1∆θ̃1:t−1+G(∆θt)

λt
▷ Eq. (6)

22: else
23: θ̃1:t ← θt
24: end if
25: end for
26: Inference on all test sets:
27: Compute task-level prompts: ET ,t ← 1

ct

∑
EC,t for all t

28: ET ← {ET ,t}Tt=1

29: for t = 1 to T do
30: for B′

i in Dtest
t do

31: Zi ← fA(B
′
i, θ̃1:T )

32: CLASS-IL (naive):
33: p̂i ← {}
34: for t = 1 to T do
35: p̂i ← p̂i ∪ {Zi · (eC,tj )⊤ | eC,tj ∈ EC,t}
36: end for
37: Predict: ŷi ← argmax p̂i
38: CLASS-IL with prompt-aligned inference: ▷ Sec. 3.2.3
39: t̂← argmaxt{Zi · (ET ,t)⊤}
40: Predict: ŷi ← argmaxj{Zi · (eC,t̂j )⊤}
41: Task-IL:
42: Predict: ŷi ← argmaxj{Zi · (eC,tj )⊤}
43: end for
44: end for
45: Return: Final unified model weights θ̃1:T

fuse these two levels. Specifically, region embeddings are
added to each patch embedding. All patch embeddings are

then passed through a convolutional layer and max-pooled
before being added back to the region embedding. A region



comprises multiple corresponding patches. In this study, we
use region images (of size 1024 × 1024) at 2.5× magnifi-
cation and patch images (of size 256 × 256) at 10×, mean-
ing each region contains 4 × 4 patch images. For the Zero-
shot setting and MergeSlide, since fA should be pre-trained
to contain strong base knowledge θbase, we adopt the pre-
trained Transformer-based network introduced in TITAN
[6], which is a variant of the Vision Transformer that with
dmodel = 768. However, in MergeSlide, we sample only
K = 400 patches per slide, whereas other methods utilize
all patches to achieve the best performance.

D. How Class-aware Prompts Are Designed?

The class-aware prompts are designed based on the follow-
ing format: class template + [CLASSNAME], where the
[CLASSNAME] tag is a short natural-language description
of a cancer subtype. We leveraged 22 class template vari-
ants, as shown in Table D.1. For each cancer subtype,
there are 3∼4 class tags, listed in Table D.2. For each i-
th cancer subtype, variants of class-aware prompts is con-
structed by concatenating all 22 class templates with the
3∼4 class tags, resulting in approximately 88 class-aware
prompts (denoted as pC,ti ) for each cancer subtype. These
prompts are then passed through the text encoder of TI-
TAN to obtain 88 embedding vectors, which are averaged
across dimensions to produce a class-aware embedding vec-
tor eC,ti ∈ Rdtext . For each t-th dataset/task, there are ct
cancer subtypes (e.g., for TCGA-BRCA, there are two can-
cer subtypes: invasive ductal carcinoma and invasive lob-
ular carcinoma). A set of class-aware prompts is then con-
structed as EC,t = {eC,ti }

ct
i=1, which is used to retrieve the fi-

nal prediction by computing the dot-product similarity with
the slide embedding.

# Prompt template

1 “[CLASSNAME].”
2 “a photomicrograph showing [CLASSNAME].”
3 “a photomicrograph of [CLASSNAME].”
4 “an image of [CLASSNAME].”
5 “an image showing [CLASSNAME].”
6 “an example of [CLASSNAME].”
7 “[CLASSNAME] is shown.”
8 “this is [CLASSNAME].”
9 “there is [CLASSNAME].”
10 “a histopathological image showing [CLASSNAME].”
11 “a histopathological image of [CLASSNAME].”
12 “a histopathological photograph of [CLASSNAME].”
13 “a histopathological photograph showing [CLASSNAME].”
14 “shows [CLASSNAME].”
15 “presence of [CLASSNAME].”
16 “[CLASSNAME] is present.”
17 “an H&E stained image of [CLASSNAME].”
18 “an H&E stained image showing [CLASSNAME].”
19 “an H&E image showing [CLASSNAME].”
20 “an H&E image of [CLASSNAME].”
21 “[CLASSNAME], H&E stain.”
22 “[CLASSNAME], H&E.”

Table D.1. Prompt template variations.

# Cancer Subtype [CLASSNAME]

T
C

G
A

-B
R

C
A invasive ductal

carcinoma

1 “invasive ductal carcinoma”
2 “breast invasive ductal carcinoma”
3 “invasive ductal carcinoma of the breast”
4 “invasive carcinoma of the breast, ductal pattern”

invasive lobular
carcinoma

1 ‘invasive lobular carcinoma”
2 “breast invasive lobular carcinoma”
3 “invasive lobular carcinoma of the breast”
4 “invasive carcinoma of the breast, lobular pattern”

T
C

G
A

-R
C

C

clear cell

1 “clear cell renal cell carcinoma”
2 “renal cell carcinoma, clear cell type”
3 “renal cell carcinoma of the clear cell type”
4 “clear cell rcc”

papillary

1 “papillary renal cell carcinoma”
2 “renal cell carcinoma, papillary type”
3 “renal cell carcinoma of the papillary type”
4 “papillary rcc”

chromophobe renal
cell carcinoma

1 “chromophobe renal cell carcinoma”
2 “renal cell carcinoma, chromophobe type”
3 “renal cell carcinoma of the chromophobe type”
4 “chromophobe rcc”

T
C

G
A

-N
SC

L
C squamous cell

carcinoma

1 “squamous cell carcinoma”
2 “lung squamous cell carcinoma”
3 “squamous cell carcinoma of the lung”
4 “lusc”

adenocarcinoma

1 “adenocarcinoma”
2 “lung adenocarcinoma”
3 “adenocarcinoma of the lung”
4 “luad”

T
C

G
A

-E
SC

A squamous cell
carcinoma

1 “squamous cell carcinoma”
2 “esophageal squamous cell carcinoma”
3 “squamous cell carcinoma of the esophagus”
4 “essc”

adenocarcinoma

1 “adenocarcinoma”
2 “esophageal adenocarcinoma”
3 “adenocarcinoma of the esophagus”
4 “esad”

T
C

G
A

-T
G

C
T

Sinoma
1 “Sinoma”
2 “testicular Sinoma”
3 “Sinoma of the testis”

mixed germ
cell tumor

1 “mixed germ cell tumor”
2 “testicular mixed germ cell tumor”
3 “mixed germ cell tumor of the testis”

T
C

G
A

-C
E

SC squamous cell
carcinoma

1 “squamous cell carcinoma”
2 “cervical squamous cell carcinoma”
3 “squamous cell carcinoma of the cervix uteri”

adenocarcinoma
1 “adenocarcinoma”
2 “cervical adenocarcinoma”
3 “adenocarcinoma of the cervix uteri”

Table D.2. Class-aware prompts for each cancer subtype.

E. Explanations of CLASS-IL and TASK-IL

Under the CLASS-IL scenario, the model does not know the
task identity (i.e., t is unknown) of an input WSI, whereas
under the TASK-IL scenario, the model knows which task
should be targeted (i.e., t is known).

E.1. Class-imcremental Learning (CLASS-IL)

Following the iCARL implementation [8], all continual
learning methods take the argmax of the predicted logits
ŷ = argmax p̂i, where p̂ ∈ RC and C is the total num-
ber of classes seen so far from T tasks, i.e., C =

∑T
t=1 ct,

as the final prediction. For MergeSlide, in the naive set-
ting, we compute all dot-product similarities between the in-
put slide embedding and all class-aware prompt embeddings
{EC,t}Tt=1 to obtain p̂i (as shown in lines 31–34 of Algo-
rithm 1). Under TCP inference, the model is first given the
task identity t̂ by selecting the task-level prompt embedding
{ET ,t}Tt=1 that yields the highest similarity. After obtain-



ing t̂, the corresponding set of class-aware prompt embed-
dings EC,t̂ is used to compute the final prediction. We note
that this strategy is still valid under the CLASS-IL setting,
where the model does not know the task identity and must
consider all cancer subtype classes seen so far. The TCP in-
ference strategy identifies the task using a vision-language
similarity approach, thereby narrowing the task boundary.
However, it does not assume access to the task identity at
the beginning.

E.2. Task-imcremental Learning (TASK-IL)
Under the TASK-IL scenario, the model is provided with
the task identity, and therefore knows the task boundary.
Specifically, given task t, the task boundary is defined as
st =

∑t−1
i=1 ci, et =

∑t
i=1 ci, where ci is the number

of classes of i-th task. Then, the prediction is computed by
taking ŷ = argmaxj∈st,...,et p̂i,j , where p̂i,j is the j-th logit
representing the j-th cancer subtype class after training on
all tasks. For MergeSlide, as the model knows the task iden-
tity, we simply pick the corresponding set of class-aware
prompts EC,t to retrieve the final prediction.

F. Explanations of Metrics
Alongside (1) bACC and (2) Masked bACC, we eval-
uate continual learning performance using three metrics:
(3) Mean Accuracy (mACC), (4) Backward Transfer
(BWT), (5) Forgetting (FGT).

F.1. Balanced Accuracy (bACC)
Since each dataset in the six-TCGA benchmark is highly im-
balanced, we report Balanced Accuracy as the main metric
for both CLASS-IL and TASK-IL scenarios to better reflect
performance on such test sets. bACC of the t-th task, which
involves classifying ct classes, is defined as:

bACCt =
1

ct

ct∑
i=1

TPi

TPi + FNi
, (1)

where TPi is the number of samples correctly classified
as the i-th cancer subtype in the t-th task, and FNi is the
number of samples of the i-th cancer subtype misclassified
as other subtypes. In other words, this corresponds to the
macro-averaged recall across all cancer subtypes. The final
bACC is computed as the mean bACC across all T tasks:

bACC =
1

T

T∑
t=1

bACCt. (2)

F.2. Accuracy (ACC)
Accuracy is defined as the ratio of correctly classified sam-
ples to the total number of samples in a task, and it has been
the primary evaluation metric in previous continual learn-
ing studies [1–4, 7]. To ensure fair comparison with these

works, our study also adopts accuracy as the base metric for
computing other continual learning measures.

Let T be the total number of tasks, and let ACCi(j) de-
note the accuracy on task j after training up to task i. The
equations for Mean ACC, BWT, and FGT are provided in
Secs. F.3, F.4, and F.5, respectively.

F.3. Mean Accuracy (Mean ACC)

Mean Accuracy is defined as the average of CLASS-IL ac-
curacies over T sequences of incrementally learned tasks:

mACC =
1

T

T∑
t=1

ACCt, (3)

where ACCt denotes the accuracy under the CLASS-IL
scenario on all tasks up to and including the t-th task.

F.4. Backward Transfer (BWT)

Backward Transfer measures how learning new tasks affects
performance on old tasks:

BWT =
1

T − 1

T−1∑
t=1

(
ACCT (t)−ACCt(t)

)
. (4)

F.5. Forgetting (FGT)

Forgetting measures the drop from each task’s best achieved
accuracy to its final accuracy after all training:

FGT =
1

T − 1

T−1∑
t=1

(
max

i∈{t,...,T}
ACCi(t)−ACCT (t)

)
.

(5)
For ACC, Masked ACC, mACC, BWT, higher values indi-
cate better performance, while for FGT, lower values are
better. Specifically, BWT measures how tasks influence
each other during the training process. Therefore, we ex-
pect the model to facilitate positive transfer between tasks;
in other words, higher values are desirable. In contrast, FGT
measures how much the model forgets old tasks after train-
ing on new ones, and this should be minimized. That is,
lower values are better.

F.6. Precision, Recall, AUC and F1

To further investigate per-class performance across all mod-
els, we compute Precision, Recall, and AUC for each cancer
subtype, as well as Weighted and Macro F1. For Precision,
Recall, and AUC, we aggregate the predictions of all WSIs
across T tasks and then compute the metrics to evaluate how
well each cancer subtype can be recognized among all pos-
sible subtypes. Weighted and Macro F1 are also computed
across all cancer subtypes in the sequence of T testing sets.
The results are reported in Sec. H.



F.7. Davies-Bouldin Index (DBI)
In Qualitative Analyses provided in the main manuscript
(Sec. 5), we also compute DBI to measure how good each
slide embeddings clustered to its task/class spaces.

DBI =
1

K

K∑
i=1

max
j ̸=i

(
Si + Sj

Mij

)
, (6)

where Si = 1
|Ci|

∑
Z∈Ci

∥Z − µi∥2, where Z is the slide
embedding of a WSI aggregated by fA, and Ci is the i-th
cluster, i.e., the set of WSIs belonging to the same task or
cancer subtyping class. µi is the centroid of cluster i, and
Mij = ∥µi − µj∥2 denotes the squared distance between
the i-th and j-th centroids. Although t-SNE shows points in
a projected 2D space, DBI is still computed on the original
d-dimensional slide embedding.

G. Discussion For Zero-shot Approach
For zero-shot evaluation, we simply obtain the embedding
from the pre-trained fA without any task-specific training,
and compute the dot-product similarity with all class-aware
prompt embeddings in EC . The resulting scores are then nor-
malized using the softmax function, and the class with the
highest score is selected as the final prediction. Let Zi be
the slide embedding produced by fA, and let the initial pre-
diction vector be p̂i = {∅}. This process can be expressed
as:

p̂i = p̂i ∪ {Zi · (eC,tj )⊤ | ∀eC,tj ∈ EC,t}, for t = 1, . . . , T

ŷi = argmax (softmax(p̂i))
(7)

We note that a head-to-head comparison with the zero-
shot setting is important, as MergeSlide relies on pathol-
ogy VLMs. One might expect that zero-shot inference
could achieve good performance without any task-specific
training, leveraging vision-language alignment conditioned
on well-crafted class-aware prompts. However, we show
that simply relying on this approach does not outperform
rehearsal-based continual learning methods, although it re-
mains competitive. In contrast, our study proposes training
an MLP-free slide aggregator fA, performing prediction us-
ing class-aware prompt embeddings over a few epochs, and
then merging the results into a unified model. This approach
significantly outperforms the zero-shot setting while main-
taining a favorable trade-off between efficiency and effec-
tiveness.

H. Extended Metrics
According to Tab. 1, the datasets are highly imbalanced.
For instance, TCGA-BRCA and TCGA-NSCLC are dom-
inated by invasive ductal carcinoma (IDC) and squamous
cell carcinoma (SCC), respectively. Therefore, additional

results of weighted and macro F1, as well as precision, re-
call, and AUC per class, should be investigated. We consider
three evaluation scenarios: forward and reverse sequences of
datasets in the in-domain setting, and the forward sequence
in the out-of-domain setting. These results are reported in
Tabs H.1, H.2, and H.3, respectively. All of these results are
reported using a buffer size of 30 WSIs for all baseline con-
tinual learning methods. As a result, there are no consistent
winners across methods in terms of class-wise precision,
recall, and AUC. However, our MergeSlide consistently
achieves the highest values among all methods. In partic-
ular, for rare classes, MergeSlide tends to outperform others
in terms of precision and/or recall. For example, in Tab. H.1
(forward sequence, in-domain setting), considering the IDC
of TCGA-BRCA, MergeSlide outperforms all other meth-
ods in both precision (≥0.066) and AUC (≥0.008). In the
more challenging out-of-domain setting, where test slides
are not acquired from the same sites as the training slides,
this observation remains unchanged. MergeSlide maintains
the highest precision and AUC for ILC, with values ≥0.034
and≥0.013, respectively. A similar trend is observed for the
adenocarcinoma class of TCGA-NSCLC, where MergeS-
lide outperforms all methods in precision, recall, and AUC,
except for the precision in the out-of-domain setting. More-
over, for the ChRCC class of TCGA-RCC, MergeSlide con-
sistently achieves the highest recall and AUC across all set-
tings.

I. Additional Analyses

I.1. Time complexity

Regarding the formal time complexity of the orthogonal
merging strategy, it consists of six steps (lines 15–20) in
Algorithm 1 in the Supplementary: (1) computing the task
vector ∆θ̃1:t−1 between θ̃1:t−1 and θbase, (2) computing the
task vector ∆θt between θt and θbase, (3) performing SVD
on θ̃1:t, (4) computing the projection G(∆θt), (5) comput-
ing λt, and (6) computing θt. Given each set of parameters
θ ∈ Rm×n, the time complexity of steps (1), (2), (5), and
(6) is O(m · n), as they involve only addition, subtraction,
or scalar–matrix operations. (3) involves SVD decompo-
sition, for which we use a QR-based algorithm (see Algo-
rithm 1a in [5]). The time complexity, in the case m > n,
is O(m · n2). The projection in (4) is dominated by ma-
trix multiplications with U and V ⊺, which also has a time
complexity of O(m · n2). Obviously, these six steps are
dominated by (3) and (4), then the time complexity for all
steps isO(m·n2). Because the slide aggregator fA includes
L layers, each layer has set of paramters θl ∈ Rml×nl ,
the total cost for orthogonal merging over all L layers is
O(

∑L
l=1 mln

2
l ). For |D| datasets/tasks, the overall time

complexity becomes O
(
|D|

∑L
l=1 mln

2
l

)
.



Metric
Method

Subtype MergeSlide (TCP) MergeSlide (naive) ADaFGrad ConSlide DER++ AGEM ER-ACE Joint Naive Finetuning

Balanced ACC (%) 87.929 (±2.110) 80.668 (±1.860) 69.034 (±3.861) 64.622 (±1.755) 55.560 (±2.746) 42.076 (±4.287) 58.556 (±5.654) 81.309 (±3.064) 25.673 (±2.571)
Masked Balanced ACC (%) 92.087 (±1.740) 92.087 (±1.740) 89.704 (±2.082) 88.346 (±1.977) 86.863 (±2.810) 80.364 (±2.206) 75.255 (±5.161) 89.688 (±1.687) 86.597 (±1.933)
Weighted F1 0.899 (±0.013) 0.790 (±0.021) 0.725 (±0.029) 0.684 (±0.015) 0.629 (±0.015) 0.488 (±0.042) 0.641 (±0.043) 0.849 (±0.020) 0.272 (±0.027)
Macro F1 0.860 (±0.019) 0.793 (±0.020) 0.688 (±0.037) 0.644 (±0.016) 0.544 (±0.026) 0.398 (±0.039) 0.561 (±0.058) 0.827 (±0.024) 0.222 (±0.037)

Pr
ec

is
io

n
pe

rc
la

ss

TCGA-BRCA IDC 0.947 (±0.033) 0.944 (±0.035) 0.960 (±0.039) 0.969 (±0.031) 0.881 (±0.064) 0.703 (±0.236) 0.820 (±0.079) 0.918 (±0.041) 0.000 (±0.000)
ILC 0.730 (±0.133) 0.745 (±0.102) 0.684 (±0.153) 0.613 (±0.104) 0.672 (±0.291) 0.018 (±0.054) 0.401 (±0.418) 0.816 (±0.132) 0.633 (±0.425)

TCGA-RCC CC 0.997 (±0.008) 0.968 (±0.027) 0.983 (±0.016) 0.918 (±0.054) 0.961 (±0.027) 0.933 (±0.074) 0.915 (±0.055) 0.973 (±0.018) 0.990 (±0.021)
P 0.879 (±0.043) 0.895 (±0.042) 0.927 (±0.048) 0.926 (±0.056) 0.936 (±0.040) 0.925 (±0.126) 0.835 (±0.105) 0.913 (±0.044) 0.958 (±0.044)
ChRCC 0.576 (±0.061) 0.809 (±0.081) 0.834 (±0.108) 0.973 (±0.054) 0.936 (±0.088) 0.779 (±0.227) 0.849 (±0.291) 0.921 (±0.066) 0.580 (±0.477)

TCGA-NSCLC SCC 0.957 (±0.029) 0.952 (±0.038) 0.823 (±0.045) 0.805 (±0.076) 0.842 (±0.059) 0.827 (±0.055) 0.579 (±0.115) 0.868 (±0.053) 0.719 (±0.147)
A 0.879 (±0.029) 0.848 (±0.034) 0.824 (±0.080) 0.764 (±0.063) 0.821 (±0.056) 0.514 (±0.197) 0.830 (±0.084) 0.904 (±0.060) 0.232 (±0.223)

TCGA-ESCA SCC 0.943 (±0.026) 0.748 (±0.063) 0.805 (±0.281) 0.761 (±0.281) 0.400 (±0.490) 0.597 (±0.421) 0.529 (±0.234) 0.803 (±0.066) 0.367 (±0.458)
A 0.907 (±0.037) 0.410 (±0.035) 0.477 (±0.414) 0.280 (±0.368) 0.000 (±0.000) 0.000 (±0.000) 0.427 (±0.312) 0.707 (±0.118) 0.000 (±0.000)

TCGA-TGCT S 0.905 (±0.033) 0.852 (±0.058) 0.890 (±0.074) 0.909 (±0.085) 0.000 (±0.000) 0.386 (±0.403) 0.545 (±0.197) 0.871 (±0.064) 0.030 (±0.090)
MGCT 0.761 (±0.081) 0.749 (±0.147) 0.623 (±0.346) 0.721 (±0.324) 0.100 (±0.300) 0.292 (±0.375) 0.307 (±0.415) 0.843 (±0.153) 0.000 (±0.000)

TCGA-CESC SCC 0.649 (±0.049) 0.594 (±0.075) 0.458 (±0.066) 0.414 (±0.063) 0.338 (±0.064) 0.308 (±0.063) 0.026 (±0.077) 0.777 (±0.092) 0.133 (±0.040)
A 0.959 (±0.011) 0.824 (±0.039) 0.634 (±0.040) 0.598 (±0.019) 0.555 (±0.025) 0.453 (±0.037) 0.697 (±0.080) 0.821 (±0.051) 0.372 (±0.026)

R
ec

al
lp

er
cl

as
s

TCGA-BRCA IDC 0.938 (±0.029) 0.918 (±0.027) 0.787 (±0.052) 0.677 (±0.051) 0.875 (±0.063) 0.786 (±0.264) 0.879 (±0.076) 0.934 (±0.044) 0.000 (±0.000)
ILC 0.746 (±0.183) 0.875 (±0.133) 0.882 (±0.131) 0.917 (±0.087) 0.489 (±0.301) 0.100 (±0.300) 0.318 (±0.366) 0.775 (±0.191) 0.176 (±0.188)

TCGA-RCC CC 0.821 (±0.044) 0.902 (±0.035) 0.913 (±0.047) 0.897 (±0.051) 0.929 (±0.032) 0.647 (±0.256) 0.925 (±0.034) 0.951 (±0.024) 0.301 (±0.156)
P 0.940 (±0.038) 0.974 (±0.024) 0.910 (±0.044) 0.906 (±0.080) 0.875 (±0.089) 0.451 (±0.194) 0.849 (±0.080) 0.955 (±0.055) 0.341 (±0.166)
ChRCC 1.000 (±0.000) 0.963 (±0.046) 0.963 (±0.084) 0.645 (±0.258) 0.870 (±0.117) 0.681 (±0.293) 0.625 (±0.304) 0.935 (±0.059) 0.165 (±0.177)

TCGA-NSCLC SCC 0.861 (±0.041) 0.878 (±0.052) 0.889 (±0.109) 0.911 (±0.033) 0.877 (±0.051) 0.761 (±0.122) 0.976 (±0.024) 0.922 (±0.044) 0.506 (±0.216)
A 0.960 (±0.026) 0.911 (±0.044) 0.853 (±0.055) 0.849 (±0.072) 0.881 (±0.081) 0.297 (±0.244) 0.687 (±0.149) 0.871 (±0.056) 0.050 (±0.053)

TCGA-ESCA SCC 0.869 (±0.055) 0.859 (±0.047) 0.193 (±0.091) 0.176 (±0.122) 0.017 (±0.023) 0.052 (±0.047) 0.500 (±0.332) 0.752 (±0.100) 0.031 (±0.042)
A 0.961 (±0.018) 0.787 (±0.049) 0.050 (±0.059) 0.018 (±0.031) 0.000 (±0.000) 0.000 (±0.000) 0.200 (±0.244) 0.532 (±0.163) 0.000 (±0.000)

TCGA-TGCT S 0.891 (±0.043) 0.887 (±0.074) 0.729 (±0.148) 0.516 (±0.157) 0.000 (±0.000) 0.056 (±0.071) 0.902 (±0.083) 0.940 (±0.065) 0.011 (±0.033)
MGCT 0.784 (±0.075) 0.585 (±0.142) 0.327 (±0.252) 0.313 (±0.172) 0.009 (±0.027) 0.062 (±0.086) 0.190 (±0.285) 0.587 (±0.224) 0.000 (±0.000)

TCGA-CESC SCC 0.790 (±0.054) 0.575 (±0.087) 0.755 (±0.088) 0.785 (±0.092) 0.770 (±0.078) 0.785 (±0.098) 0.090 (±0.270) 0.660 (±0.109) 0.800 (±0.063)
A 0.913 (±0.020) 0.514 (±0.080) 0.966 (±0.021) 0.962 (±0.016) 0.966 (±0.016) 0.966 (±0.017) 0.685 (±0.241) 0.891 (±0.042) 0.968 (±0.018)
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TCGA-BRCA IDC 0.940 (±0.032) 0.951 (±0.035) 0.908 (±0.052) 0.912 (±0.047) 0.858 (±0.049) 0.627 (±0.140) 0.789 (±0.103) 0.935 (±0.044) 0.393 (±0.134)
ILC 0.945 (±0.030) 0.965 (±0.032) 0.948 (±0.044) 0.957 (±0.029) 0.944 (±0.032) 0.757 (±0.100) 0.895 (±0.074) 0.957 (±0.037) 0.915 (±0.057)

TCGA-RCC CC 0.974 (±0.009) 0.988 (±0.008) 0.984 (±0.009) 0.962 (±0.019) 0.980 (±0.015) 0.926 (±0.028) 0.971 (±0.015) 0.991 (±0.007) 0.865 (±0.083)
P 0.983 (±0.011) 0.990 (±0.007) 0.987 (±0.009) 0.981 (±0.015) 0.981 (±0.012) 0.949 (±0.049) 0.968 (±0.022) 0.989 (±0.009) 0.938 (±0.062)
ChRCC 0.979 (±0.010) 0.995 (±0.003) 0.994 (±0.005) 0.996 (±0.004) 0.995 (±0.004) 0.977 (±0.015) 0.992 (±0.008) 0.995 (±0.004) 0.932 (±0.072)

TCGA-NSCLC SCC 0.975 (±0.015) 0.965 (±0.026) 0.969 (±0.016) 0.972 (±0.017) 0.969 (±0.013) 0.952 (±0.022) 0.961 (±0.019) 0.972 (±0.015) 0.935 (±0.043)
A 0.975 (±0.015) 0.952 (±0.023) 0.954 (±0.031) 0.948 (±0.024) 0.957 (±0.021) 0.715 (±0.196) 0.966 (±0.013) 0.974 (±0.010) 0.454 (±0.190)

TCGA-ESCA SCC 0.977 (±0.012) 0.971 (±0.012) 0.841 (±0.076) 0.575 (±0.149) 0.576 (±0.090) 0.701 (±0.110) 0.838 (±0.096) 0.886 (±0.046) 0.705 (±0.049)
A 0.977 (±0.012) 0.967 (±0.012) 0.914 (±0.022) 0.904 (±0.036) 0.924 (±0.020) 0.927 (±0.022) 0.918 (±0.034) 0.941 (±0.020) 0.918 (±0.031)

TCGA-TGCT S 0.875 (±0.054) 0.914 (±0.048) 0.911 (±0.061) 0.907 (±0.073) 0.935 (±0.051) 0.941 (±0.055) 0.791 (±0.113) 0.929 (±0.045) 0.930 (±0.056)
MGCT 0.884 (±0.053) 0.802 (±0.091) 0.817 (±0.093) 0.790 (±0.128) 0.812 (±0.123) 0.822 (±0.112) 0.925 (±0.049) 0.934 (±0.051) 0.691 (±0.226)

TCGA-CESC SCC 0.952 (±0.016) 0.915 (±0.041) 0.969 (±0.010) 0.958 (±0.018) 0.968 (±0.010) 0.970 (±0.010) 0.363 (±0.263) 0.966 (±0.017) 0.962 (±0.014)
A 0.951 (±0.017) 0.878 (±0.031) 0.946 (±0.017) 0.953 (±0.019) 0.964 (±0.015) 0.967 (±0.011) 0.866 (±0.184) 0.944 (±0.019) 0.960 (±0.017)

Table H.1. Extended evaluation metrics in the sequence of B→R→N→E→T→C in the in-domain setting.

Metric
Method

Subtype MergeSlide (TCP) MergeSlide (naive) ADaFGrad ConSlide DER++ AGEM ER-ACE Joint Naive Finetuning

Balanced ACC (%) 85.112 (±1.570) 77.785 (±3.940) 61.836 (±5.562) 61.336 (±5.791) 57.951 (±3.115) 41.864 (±4.186) 60.808 (±4.769) 76.101 (±3.098) 23.259 (±5.204)
Masked Balanced ACC (%) 89.575 (±2.440) 89.575 (±2.440) 86.110 (±3.217) 85.945 (±4.393) 83.469 (±2.902) 76.207 (±3.793) 77.125 (±4.800) 86.716 (±3.018) 82.06 (±3.905)
Weighted F1 0.897 (±0.009) 0.853 (±0.010) 0.768 (±0.056) 0.750 (±0.063) 0.769 (±0.052) 0.473 (±0.112) 0.739 (±0.029) 0.851 (±0.028) 0.198 (±0.080)
Macro F1 0.830 (±0.012) 0.741 (±0.012) 0.600 (±0.071) 0.587 (±0.071) 0.569 (±0.040) 0.341 (±0.059) 0.555 (±0.044) 0.753 (±0.026) 0.156 (±0.068)
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TCGA-BRCA IDC 0.941 (±0.015) 0.941 (±0.029) 0.942 (±0.044) 0.964 (±0.016) 0.898 (±0.062) 0.467 (±0.382) 0.876 (±0.067) 0.907 (±0.054) 0.000 (±0.000)
ILC 0.714 (±0.087) 0.759 (±0.086) 0.677 (±0.201) 0.607 (±0.160) 0.712 (±0.170) 0.192 (±0.293) 0.725 (±0.259) 0.768 (±0.099) 0.488 (±0.489)

TCGA-RCC CC 0.997 (±0.005) 0.977 (±0.012) 0.928 (±0.040) 0.908 (±0.039) 0.917 (±0.044) 0.892 (±0.096) 0.924 (±0.051) 0.935 (±0.050) 0.786 (±0.393)
P 0.868 (±0.024) 0.847 (±0.045) 0.918 (±0.039) 0.909 (±0.040) 0.902 (±0.062) 0.736 (±0.317) 0.829 (±0.138) 0.903 (±0.071) 0.546 (±0.451)
ChRCC 0.607 (±0.108) 0.788 (±0.126) 0.796 (±0.113) 0.879 (±0.126) 0.841 (±0.138) 0.897 (±0.207) 0.756 (±0.284) 0.819 (±0.141) 0.974 (±0.048)

TCGA-NSCLC SCC 0.946 (±0.047) 0.929 (±0.059) 0.810 (±0.106) 0.794 (±0.107) 0.831 (±0.099) 0.719 (±0.155) 0.699 (±0.136) 0.859 (±0.088) 0.733 (±0.209)
A 0.842 (±0.065) 0.856 (±0.055) 0.772 (±0.125) 0.741 (±0.120) 0.769 (±0.086) 0.517 (±0.218) 0.856 (±0.060) 0.821 (±0.119) 0.333 (±0.166)

TCGA-ESCA SCC 0.967 (±0.022) 0.651 (±0.217) 0.531 (±0.443) 0.564 (±0.395) 0.408 (±0.429) 0.343 (±0.433) 0.348 (±0.336) 0.652 (±0.268) 0.200 (±0.400)
A 0.891 (±0.055) 0.385 (±0.203) 0.217 (±0.350) 0.200 (±0.400) 0.125 (±0.301) 0.000 (±0.000) 0.262 (±0.209) 0.584 (±0.229) 0.000 (±0.000)

TCGA-TGCT S 0.899 (±0.030) 0.737 (±0.096) 0.749 (±0.291) 0.802 (±0.126) 0.604 (±0.406) 0.562 (±0.394) 0.455 (±0.170) 0.811 (±0.083) 0.000 (±0.000)
MGCT 0.443 (±0.356) 0.455 (±0.390) 0.375 (±0.437) 0.451 (±0.405) 0.175 (±0.354) 0.100 (±0.300) 0.056 (±0.096) 0.698 (±0.322) 0.000 (±0.000)

TCGA-CESC SCC 0.652 (±0.094) 0.469 (±0.154) 0.395 (±0.174) 0.352 (±0.178) 0.401 (±0.215) 0.221 (±0.120) 0.119 (±0.299) 0.726 (±0.135) 0.039 (±0.019)
A 0.962 (±0.014) 0.741 (±0.062) 0.513 (±0.172) 0.518 (±0.164) 0.526 (±0.169) 0.309 (±0.080) 0.708 (±0.184) 0.756 (±0.120) 0.172 (±0.062)

R
ec

al
lp

er
cl

as
s

TCGA-BRCA IDC 0.930 (±0.015) 0.904 (±0.022) 0.779 (±0.090) 0.675 (±0.086) 0.838 (±0.081) 0.511 (±0.419) 0.851 (±0.057) 0.907 (±0.043) 0.000 (±0.000)
ILC 0.748 (±0.061) 0.829 (±0.054) 0.825 (±0.100) 0.890 (±0.042) 0.626 (±0.208) 0.390 (±0.471) 0.582 (±0.279) 0.704 (±0.175) 0.083 (±0.116)

TCGA-RCC CC 0.809 (±0.055) 0.884 (±0.075) 0.885 (±0.045) 0.883 (±0.043) 0.908 (±0.052) 0.768 (±0.188) 0.855 (±0.199) 0.928 (±0.042) 0.221 (±0.193)
P 0.945 (±0.022) 0.951 (±0.024) 0.861 (±0.065) 0.882 (±0.038) 0.806 (±0.162) 0.370 (±0.367) 0.884 (±0.046) 0.902 (±0.070) 0.211 (±0.232)
ChRCC 0.993 (±0.015) 0.926 (±0.075) 0.817 (±0.092) 0.605 (±0.242) 0.712 (±0.143) 0.436 (±0.221) 0.671 (±0.255) 0.830 (±0.113) 0.224 (±0.140)

TCGA-NSCLC SCC 0.846 (±0.021) 0.838 (±0.039) 0.857 (±0.076) 0.869 (±0.070) 0.853 (±0.050) 0.731 (±0.247) 0.951 (±0.023) 0.856 (±0.092) 0.440 (±0.277)
A 0.959 (±0.021) 0.907 (±0.032) 0.803 (±0.095) 0.799 (±0.067) 0.845 (±0.049) 0.317 (±0.356) 0.712 (±0.124) 0.881 (±0.051) 0.055 (±0.036)

TCGA-ESCA SCC 0.831 (±0.070) 0.817 (±0.049) 0.144 (±0.176) 0.069 (±0.062) 0.091 (±0.097) 0.034 (±0.043) 0.357 (±0.394) 0.689 (±0.182) 0.008 (±0.017)
A 0.973 (±0.019) 0.803 (±0.081) 0.026 (±0.060) 0.012 (±0.030) 0.008 (±0.016) 0.000 (±0.000) 0.488 (±0.362) 0.517 (±0.241) 0.000 (±0.000)

TCGA-TGCT S 0.845 (±0.094) 0.911 (±0.139) 0.306 (±0.339) 0.498 (±0.329) 0.328 (±0.267) 0.168 (±0.251) 0.863 (±0.111) 0.955 (±0.053) 0.000 (±0.000)
MGCT 0.536 (±0.222) 0.440 (±0.415) 0.254 (±0.333) 0.232 (±0.224) 0.020 (±0.041) 0.050 (±0.150) 0.350 (±0.391) 0.476 (±0.217) 0.000 (±0.000)

TCGA-CESC SCC 0.810 (±0.062) 0.547 (±0.098) 0.757 (±0.079) 0.784 (±0.128) 0.763 (±0.107) 0.808 (±0.053) 0.052 (±0.121) 0.540 (±0.208) 0.800 (±0.111)
A 0.904 (±0.053) 0.497 (±0.073) 0.962 (±0.027) 0.951 (±0.037) 0.965 (±0.023) 0.966 (±0.025) 0.486 (±0.276) 0.834 (±0.135) 0.968 (±0.028)
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TCGA-BRCA IDC 0.941 (±0.014) 0.946 (±0.009) 0.891 (±0.039) 0.915 (±0.036) 0.847 (±0.041) 0.677 (±0.196) 0.822 (±0.105) 0.912 (±0.027) 0.468 (±0.098)
ILC 0.945 (±0.013) 0.965 (±0.011) 0.949 (±0.016) 0.952 (±0.022) 0.927 (±0.027) 0.801 (±0.121) 0.919 (±0.045) 0.951 (±0.015) 0.888 (±0.034)

TCGA-RCC CC 0.977 (±0.024) 0.980 (±0.019) 0.958 (±0.02) 0.947 (±0.025) 0.956 (±0.020) 0.927 (±0.032) 0.964 (±0.026) 0.972 (±0.026) 0.819 (±0.108)
P 0.982 (±0.006) 0.986 (±0.005) 0.975 (±0.016) 0.974 (±0.018) 0.970 (±0.018) 0.932 (±0.041) 0.963 (±0.035) 0.983 (±0.011) 0.916 (±0.045)
ChRCC 0.982 (±0.019) 0.988 (±0.013) 0.976 (±0.011) 0.976 (±0.017) 0.979 (±0.013) 0.939 (±0.062) 0.983 (±0.015) 0.986 (±0.013) 0.861 (±0.102)

TCGA-NSCLC SCC 0.972 (±0.005) 0.957 (±0.009) 0.943 (±0.027) 0.954 (±0.021) 0.949 (±0.012) 0.927 (±0.028) 0.956 (±0.015) 0.957 (±0.016) 0.928 (±0.029)
A 0.973 (±0.004) 0.941 (±0.011) 0.917 (±0.038) 0.926 (±0.034) 0.927 (±0.018) 0.673 (±0.201) 0.961 (±0.010) 0.955 (±0.024) 0.414 (±0.183)

TCGA-ESCA SCC 0.980 (±0.020) 0.989 (±0.011) 0.494 (±0.127) 0.556 (±0.112) 0.414 (±0.209) 0.565 (±0.176) 0.839 (±0.228) 0.863 (±0.058) 0.647 (±0.196)
A 0.980 (±0.020) 0.943 (±0.056) 0.930 (±0.053) 0.912 (±0.036) 0.911 (±0.047) 0.939 (±0.032) 0.921 (±0.072) 0.956 (±0.033) 0.943 (±0.027)

TCGA-TGCT S 0.696 (±0.232) 0.775 (±0.227) 0.743 (±0.247) 0.774 (±0.223) 0.723 (±0.254) 0.806 (±0.199) 0.787 (±0.186) 0.783 (±0.223) 0.818 (±0.192)
MGCT 0.704 (±0.225) 0.607 (±0.354) 0.777 (±0.131) 0.777 (±0.205) 0.505 (±0.182) 0.657 (±0.180) 0.814 (±0.191) 0.838 (±0.113) 0.681 (±0.169)

TCGA-CESC SCC 0.959 (±0.013) 0.926 (±0.032) 0.967 (±0.014) 0.962 (±0.015) 0.959 (±0.024) 0.964 (±0.023) 0.465 (±0.243) 0.972 (±0.017) 0.958 (±0.021)
A 0.955 (±0.014) 0.895 (±0.034) 0.958 (±0.010) 0.956 (±0.017) 0.955 (±0.018) 0.964 (±0.017) 0.826 (±0.098) 0.928 (±0.022) 0.960 (±0.013)

Table H.2. Extended evaluation metrics on the sequence of B→R→N→E→T→C in the out-of-domain setting.



Metric
Method

Subtype MergeSlide (TCP) MergeSlide (naive) ADaFGrad ConSlide DER++ AGEM ER-ACE Joint Naive Finetuning

Balanced ACC (%) 87.930 (±2.112) 80.636 (±1.865) 77.096 (±4.474) 70.821 (±2.180) 61.037 (±3.319) 43.961 (±3.009) 54.613 (±4.323) 81.151 (±2.283) 24.976 (±3.33)
Balanced Masked ACC 92.109 (±1.700) 92.109 (±1.700) 90.216 (±1.677) 88.896 (±2.442) 84.758 (±1.929) 79.458 (±3.215) 79.428 (±3.682) 90.138 (±1.854) 86.614 (±3.543)
Weighted F1 0.899 (±0.013) 0.789 (±0.022) 0.793 (±0.038) 0.683 (±0.033) 0.623 (±0.066) 0.410 (±0.054) 0.648 (±0.026) 0.843 (±0.021) 0.177 (±0.028)
Macro F1 0.860 (±0.019) 0.793 (±0.021) 0.782 (±0.035) 0.684 (±0.020) 0.604 (±0.044) 0.417 (±0.026) 0.543 (±0.050) 0.824 (±0.022) 0.234 (±0.034)
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TCGA-BRCA IDC 0.947 (±0.033) 0.944 (±0.035) 0.719 (±0.129) 0.433 (±0.045) 0.433 (±0.448) 0.000 (±0.000) 0.000 (±0.000) 0.768 (±0.137) 0.000 (±0.000)
ILC 0.730 (±0.133) 0.745 (±0.102) 0.871 (±0.057) 0.920 (±0.052) 0.830 (±0.058) 0.691 (±0.110) 0.726 (±0.068) 0.823 (±0.060) 0.000 (±0.000)

TCGA-RCC CC 0.997 (±0.008) 0.968 (±0.027) 0.835 (±0.111) 0.836 (±0.090) 0.793 (±0.288) 0.551 (±0.281) 0.495 (±0.495) 0.825 (±0.082) 0.000 (±0.000)
P 0.879 (±0.043) 0.898 (±0.040) 0.748 (±0.146) 0.667 (±0.166) 0.422 (±0.331) 0.058 (±0.126) 0.200 (±0.400) 0.883 (±0.120) 0.000 (±0.000)
ChRCC 0.576 (±0.061) 0.809 (±0.081) 0.850 (±0.065) 0.726 (±0.329) 0.867 (±0.175) 0.389 (±0.348) 0.632 (±0.083) 0.771 (±0.101) 0.300 (±0.458)

TCGA-NSCLC SCC 0.957 (±0.029) 0.952 (±0.038) 0.675 (±0.108) 0.415 (±0.063) 0.408 (±0.170) 0.109 (±0.134) 0.456 (±0.088) 0.740 (±0.094) 0.150 (±0.320)
A 0.879 (±0.029) 0.845 (±0.029) 0.898 (±0.046) 0.938 (±0.021) 0.899 (±0.047) 0.186 (±0.373) 0.772 (±0.113) 0.869 (±0.044) 0.000 (±0.000)

TCGA-ESCA SCC 0.943 (±0.026) 0.747 (±0.065) 0.871 (±0.076) 0.941 (±0.035) 0.905 (±0.056) 0.551 (±0.363) 0.803 (±0.098) 0.894 (±0.038) 0.100 (±0.300)
A 0.907 (±0.037) 0.412 (±0.038) 0.971 (±0.028) 0.954 (±0.047) 0.935 (±0.057) 0.916 (±0.060) 0.704 (±0.096) 0.968 (±0.025) 0.910 (±0.075)

TCGA-TGCT S 0.905 (±0.033) 0.852 (±0.058) 0.870 (±0.040) 0.873 (±0.108) 0.780 (±0.104) 0.828 (±0.084) 0.736 (±0.108) 0.928 (±0.043) 0.729 (±0.188)
MGCT 0.761 (±0.081) 0.743 (±0.151) 0.806 (±0.108) 0.666 (±0.062) 0.853 (±0.163) 0.786 (±0.166) 1.000 (±0.000) 0.914 (±0.099) 0.840 (±0.159)

TCGA-CESC SCC 0.649 (±0.049) 0.595 (±0.081) 0.662 (±0.131) 0.555 (±0.038) 0.430 (±0.061) 0.277 (±0.030) 0.728 (±0.150) 0.913 (±0.049) 0.155 (±0.011)
A 0.959 (±0.011) 0.822 (±0.041) 0.808 (±0.081) 0.640 (±0.158) 0.707 (±0.151) 0.697 (±0.169) 0.416 (±0.428) 0.821 (±0.120) 0.644 (±0.139)
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TCGA-BRCA IDC 0.938 (±0.029) 0.918 (±0.027) 0.585 (±0.110) 0.586 (±0.069) 0.045 (±0.047) 0.000 (±0.000) 0.000 (±0.000) 0.575 (±0.199) 0.000 (±0.000)
ILC 0.746 (±0.183) 0.875 (±0.133) 0.740 (±0.114) 0.448 (±0.133) 0.456 (±0.222) 0.344 (±0.273) 0.770 (±0.070) 0.896 (±0.051) 0.000 (±0.000)

TCGA-RCC CC 0.821 (±0.044) 0.902 (±0.035) 0.848 (±0.182) 0.915 (±0.048) 0.462 (±0.406) 0.679 (±0.345) 0.125 (±0.220) 0.962 (±0.024) 0.000 (±0.000)
P 0.940 (±0.038) 0.974 (±0.024) 0.715 (±0.152) 0.694 (±0.153) 0.456 (±0.291) 0.160 (±0.332) 0.083 (±0.167) 0.672 (±0.075) 0.000 (±0.000)
ChRCC 1.000 (±0.000) 0.963 (±0.046) 0.641 (±0.129) 0.069 (±0.045) 0.183 (±0.105) 0.331 (±0.319) 0.655 (±0.140) 0.710 (±0.162) 0.010 (±0.016)

TCGA-NSCLC SCC 0.861 (±0.041) 0.878 (±0.052) 0.537 (±0.112) 0.771 (±0.102) 0.611 (±0.231) 0.261 (±0.336) 0.497 (±0.131) 0.489 (±0.182) 0.011 (±0.024)
A 0.960 (±0.026) 0.909 (±0.043) 0.835 (±0.056) 0.741 (±0.045) 0.796 (±0.063) 0.099 (±0.199) 0.911 (±0.071) 0.918 (±0.028) 0.000 (±0.000)

TCGA-ESCA SCC 0.869 (±0.055) 0.862 (±0.046) 0.812 (±0.105) 0.693 (±0.069) 0.734 (±0.052) 0.116 (±0.120) 0.789 (±0.091) 0.882 (±0.062) 0.002 (±0.007)
A 0.961 (±0.018) 0.787 (±0.049) 0.899 (±0.051) 0.887 (±0.044) 0.941 (±0.035) 0.880 (±0.084) 0.973 (±0.018) 0.955 (±0.026) 0.583 (±0.268)

TCGA-TGCT S 0.891 (±0.043) 0.887 (±0.074) 0.940 (±0.038) 0.947 (±0.055) 0.921 (±0.042) 0.734 (±0.136) 0.888 (±0.082) 0.940 (±0.048) 0.525 (±0.217)
MGCT 0.784 (±0.075) 0.585 (±0.142) 0.935 (±0.083) 0.958 (±0.048) 0.897 (±0.088) 0.771 (±0.177) 0.552 (±0.337) 0.945 (±0.084) 0.734 (±0.227)

TCGA-CESC SCC 0.790 (±0.054) 0.570 (±0.090) 0.972 (±0.020) 0.963 (±0.019) 0.960 (±0.023) 0.951 (±0.027) 0.850 (±0.082) 0.938 (±0.041) 0.938 (±0.072)
A 0.913 (±0.020) 0.514 (±0.084) 0.718 (±0.172) 0.757 (±0.157) 0.783 (±0.163) 0.745 (±0.180) 0.263 (±0.301) 0.802 (±0.156) 0.809 (±0.156)
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TCGA-BRCA IDC 0.940 (±0.032) 0.951 (±0.034) 0.944 (±0.037) 0.953 (±0.017) 0.535 (±0.132) 0.641 (±0.148) 0.914 (±0.052) 0.963 (±0.019) 0.298 (±0.102)
ILC 0.945 (±0.030) 0.965 (±0.032) 0.939 (±0.024) 0.826 (±0.083) 0.872 (±0.038) 0.821 (±0.172) 0.889 (±0.047) 0.946 (±0.020) 0.897 (±0.022)

TCGA-RCC CC 0.974 (±0.009) 0.988 (±0.008) 0.922 (±0.052) 0.938 (±0.032) 0.834 (±0.144) 0.867 (±0.053) 0.840 (±0.117) 0.926 (±0.043) 0.594 (±0.259)
P 0.983 (±0.011) 0.990 (±0.007) 0.942 (±0.052) 0.948 (±0.051) 0.780 (±0.129) 0.864 (±0.072) 0.681 (±0.193) 0.924 (±0.051) 0.791 (±0.162)
ChRCC 0.979 (±0.010) 0.995 (±0.003) 0.894 (±0.042) 0.801 (±0.069) 0.809 (±0.079) 0.836 (±0.117) 0.930 (±0.020) 0.937 (±0.022) 0.499 (±0.093)

TCGA-NSCLC SCC 0.975 (±0.015) 0.965 (±0.026) 0.850 (±0.050) 0.907 (±0.031) 0.819 (±0.083) 0.677 (±0.215) 0.778 (±0.092) 0.885 (±0.047) 0.700 (±0.089)
A 0.975 (±0.015) 0.952 (±0.023) 0.952 (±0.025) 0.954 (±0.010) 0.926 (±0.021) 0.826 (±0.097) 0.955 (±0.028) 0.972 (±0.012) 0.718 (±0.125)

TCGA-ESCA SCC 0.977 (±0.012) 0.971 (±0.012) 0.953 (±0.027) 0.925 (±0.017) 0.908 (±0.042) 0.773 (±0.114) 0.960 (±0.019) 0.970 (±0.008) 0.834 (±0.039)
A 0.977 (±0.012) 0.967 (±0.012) 0.985 (±0.009) 0.985 (±0.011) 0.982 (±0.012) 0.970 (±0.021) 0.980 (±0.012) 0.991 (±0.005) 0.904 (±0.077)

TCGA-TGCT S 0.875 (±0.054) 0.914 (±0.048) 0.988 (±0.007) 0.988 (±0.010) 0.985 (±0.011) 0.970 (±0.014) 0.983 (±0.007) 0.991 (±0.006) 0.949 (±0.025)
MGCT 0.884 (±0.053) 0.801 (±0.092) 0.994 (±0.006) 0.996 (±0.004) 0.995 (±0.004) 0.976 (±0.028) 0.991 (±0.013) 0.997 (±0.004) 0.967 (±0.042)

TCGA-CESC SCC 0.952 (±0.016) 0.915 (±0.041) 0.949 (±0.042) 0.955 (±0.034) 0.937 (±0.049) 0.937 (±0.042) 0.634 (±0.167) 0.936 (±0.041) 0.944 (±0.046)
A 0.951 (±0.017) 0.878 (±0.031) 0.958 (±0.035) 0.958 (±0.032) 0.943 (±0.043) 0.947 (±0.036) 0.798 (±0.161) 0.956 (±0.040) 0.946 (±0.039)

Table H.3. Extended evaluation metrics on the reversed sequence of C→T→E→N→R→B in the in-domain setting.

I.2. Performance Drop Comparison
When new tasks are added, the performance on previously
learned tasks often degrades. We provide Fig. I.1 to examine
the performance drop of each task as new tasks are sequen-
tially introduced to the first five tasks. Overall, MergeS-
lide maintains the most stable performance across tasks.
Notably, several tasks experience significant performance
drops: TCGA-NSCLC, TCGA-ESCA, and TCGA-TGCT.
For TCGA-NSCLC, DER++ shows a substantial drop after
training on the last task (TCGA-CESC), while other meth-
ods appear more stable. For TCGA-ESCA, all models ex-
cept MergeSlide show significant drops after training on
both the fifth task (TCGA-TGCT) and the last task (TCGA-
CESC). For TCGA-TGCT, although MergeSlide initially
performs worse than others when the task is first introduced,
it shows greater stability afterward. In contrast, other mod-
els suffer a noticeable decline in TCGA-TGCT performance
after the final task is added.

I.3. Confidence Score Study
To further explore model behavior in its predictions, we pro-
vide Fig. I.2, which shows the average confidence scores for
the ground-truth cancer subtyping class positions. For in-
stance, given the prediction logits p̂i ∈ RC for each WSI,
where C is the total number of cancer subtypes so far, we
take the j-th logit value p̂i,j to visualize, where j indicates
the ground-truth cancer subtype. We observe the following:

while other methods tend to show decreased confidence on
recent tasks (e.g., ESCA, TGCT) and a significant shift to-
ward the last task, CESC, MergeSlide maintains stable con-
fidence across all six tasks, with no significant degradation
on any of them.

I.4. What Happens When the MLP is Also Trained?

As described, only the backbone fA is trained when a new
task is added, in order to obtain the corresponding weight set
θt. We do not train the MLP as a classifier but instead use
class-aware prompt embeddings EC,t. Results in Tab. I.1
show that the MLP-free strategy not only avoids perfor-
mance degradation but also slightly improves both Masked
ACC and Mean ACC compared to trainable MLPs, regard-
less of whether TCP is used. The only exception is overall
ACC when using TCP, which exhibits a very marginal de-
crease.

Method MLP Setting ACC Masked ACC Mean ACC

MergeSlide (naive) Trainable MLP 78.613 (±1.710) 93.534 (±0.831) 90.075 (±1.145)
MLP-free (ours) 78.797 (±1.916) 93.617 (±1.098) 90.640 (±1.247)

MergeSlide w/ TCP
Trainable MLP 91.935 (±0.897) 93.534 (±0.831) 92.137 (±1.287)
MLP-free (ours) 91.914 (±0.980) 93.617 (±1.098) 92.686 (±0.899)

Table I.1. Comparison between two strategies for MLP: Trainable
MLP and MLP-Free on the sequence of B→R→N→E→T→C.



Figure I.1. Performance drop comparisons across different methods as new tasks are added to the first five datasets: TCGA-BRCA, TCGA-
RCC, TCGA-NSCLC, TCGA-ESCA, and TCGA-TGCT (sequence: B→R→N→E→T→C).
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Figure I.2. Comparison of average confidence scores for target cancer subtyping after training on the last task, TCGA-CESC (sequence:
B→R→N→E→T→C).

I.5. Task-wise Performance

We provide a task-wise performance comparison between
the top three methods under the CLASS-IL and TASK-IL
scenarios in Tabs. I.3 and I.4, respectively, after training
on the last task, i.e., TCGA-CESC. As a result, under the
CLASS-IL scenario, MergeSlide still outperforms the oth-
ers on five out of six tasks. Even without TCP, it achieves
better performance than the others on four out of six tasks.
However, we also observe that rehearsal-based methods tend
to perform poorly on earlier tasks with limited WSIs, such
as TCGA-ESCA and TCGA-TGCT. Indeed, after training
on the final task (TCGA-CESC), the performance on this
dataset becomes much higher compared to those with fewer
samples. Nonetheless, MergeSlide maintains stable perfor-
mance across tasks.

I.6. Task Addition

Final accuracy after merging weights reflects the end per-
formance; however, performance during the addition of new
tasks should also be examined to ensure stability. The com-
parison of CLASS-IL ACC for MergeSlide against other
methods is reported in Tab. I.2, where the number of ac-
cumulated tasks T ∈ {2, 3, 4, 5} is evaluated. The re-
sults show that some methods exhibit unstable performance
while MergeSlide demonstrates consistent performances as
the number of tasks increases. σ < 1% further con-
firms the stability. We further compare performance drops

on the two earliest tasks, TCGA-BRCA and TCGA-RCC,
across top methods and MergeSlide without TCP (Fig. I.1).
MergeSlide maintains stable performance as new tasks ar-
rive, while others show significant and moderate drops on
TCGA-BRCA and TCGA-RCC, respectively.

Number of increasing tasks

Method T=2 T=3 T=4 T=5 σ

ER-ACE 90.045 (±1.968) 81.210 (±2.793) 79.297 (±4.234) 74.849 (±5.461) 5.525
AGEM 84.839 (±9.500) 70.843 (±4.327) 75.236 (±6.225) 75.169 (±4.972) 5.121
DER++ 92.244 (±3.177) 86.693 (±2.215) 88.104 (±1.323) 82.307 (±2.946) 3.549
ConSlide 86.733 (±2.228) 80.643 (±3.226) 83.929 (±1.968) 85.257 (±2.068) 2.250
ADaFGrad 90.945 (±3.214) 86.002 (±2.225) 87.382 (±1.908) 85.252 (±2.271) 2.187

MergeSlide 92.907 (±1.337) 92.571 (±0.713) 93.309 (±0.493) 92.345 (±0.990) 0.364

Table I.2. Closer look at MergeSlide compared to other continual
learning methods as the number of tasks increases on the sequence
of B→R→N→E→T→C (Metric: CLASS-IL ACC). σ shows the
standard deviation of results across T ∈ {2, 3, 4, 5}.

I.7. Sensitivity of number of patches K

To further examine the sensitivity of the sampling patch
number K, we report the bACC of MergeSlide un-
der both CLASS-IL and TASK-IL settings for K ∈
50, 100, 200, 300, 400 in Tab. I.3. In the CLASS-IL sce-
nario, results without TCP remain stable, while with TCP
the performance gap between K = 50 and K = 400 is only
4.997%. In the TASK-IL scenario, performance is also sta-
ble across different K values. Notably, even the lowest set-
ting (K = 50) still outperforms all comparative baselines.



Method BRCA RCC NSCLC

Zero-shot 89.922 (±2.981) 83.474 (±2.891) 83.874 (±2.766)
DER++ [2] (|Br| = 30) 73.026 (±5.194) 78.055 (±8.936) 44.730 (±6.570)
ConSlide [7] (|Br| = 30) 71.940 (±3.949) 86.700 (±5.921) 87.933 (±4.409)
ADaFGrad [1] (|Br| = 30) 77.938 (±4.871) 90.647 (±3.636) 87.252 (±3.843)

MergeSlide 90.784 (±3.311) 93.418 (±2.351) 93.657 (±2.633)

Method ESCA TGCT CESC

Zero-shot 62.388 (±3.704) 79.771 (±5.316) 17.578 (±2.928)
DER++ [2] (|Br| = 30) 2.836 (±2.707) 0.526 (±1.053) 93.516 (±1.310)
ConSlide [7] (|Br| = 30) 8.657 (±6.814) 45.371 (±9.516) 93.531 (±2.209)
ADaFGrad [1] (|Br| = 30) 6.269 (±5.247) 47.787 (±15.559) 93.594 (±1.148)

MergeSlide 94.925 (±2.331) 81.343 (±5.616) 92.031 (±1.389)

Figure I.3. Task-wise performances on stream of datasets
B→R→N→E→T→C under CLASS-IL scenario.

Method BRCA RCC NSCLC

Zero-shot 91.643 (±2.969) 83.591 (±2.914) 89.917 (±1.857)
DER++ [2] (|Br| = 30) 84.783 (±5.802) 89.113 (±5.243) 88.952 (±2.989)
ConSlide [7] (|Br| = 30) 87.604 (±4.920) 92.574 (±4.466) 92.265 (±2.503)
ADaFGrad [1] (|Br| = 30) 86.582 (±4.129) 93.652 (±2.434) 91.458 (±2.817)

MergeSlide 93.359 (±3.353) 93.645 (±2.100) 92.939 (±2.539)

Method ESCA TGCT CESC

Zero-shot 88.060 (±2.111) 81.862 (±5.855) 95.859 (±1.108)
DER++ [2] (|Br| = 30) 87.185 (±3.379) 92.153 (±3.806) 93.913 (±1.201)
ConSlide [7] (|Br| = 30) 87.797 (±4.649) 91.641 (±7.755) 94.099 (±2.119)
ADaFGrad [1] (|Br| = 30) 88.152 (±3.832) 90.799 (±7.266) 94.362 (±1.164)

MergeSlide 95.075 (±1.772) 91.066 (±2.433) 94.297 (±1.443)

Figure I.4. Task-wise performances on stream of datasets
B→R→N→E→T→C under TASK-IL scenario.

K
bACC

(CLASS-IL)
Masked bACC

(TASK-IL)

MergeSlide
w/o TCP

MergeSlide
w/ TCP

MergeSlide

50 78.810 (±1.942) 82.932 (±1.802) 90.935 (±1.870)
100 80.167 (±1.752) 84.284 (±2.478) 91.610 (±1.535)
200 80.078 (±1.952) 86.269 (±1.975) 91.761 (±1.907)
300 79.849 (±1.944) 87.416 (±2.015) 92.083 (±1.514)
400 80.668 (±1.860) 87.929 (±2.110) 92.087 (±1.740)

Table I.3. Sensitivity of K sampling patches under the CLASS-IL
and TASK-IL scenarios on B→R→N→E→T→C.
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