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1. Choice of Foundation Models

While the early histopathology foundation models (FM)
in the literature such as CTransPath [11], Lunit-Dino [5],
Phikon [3], etc. were trained on highly overlapping public
datasets (mostly the TCGA database), the more recent FMs
such as UNI, H-Optimus-0, Prov-GigaPath, Virchow2, and
Hibou-L (all FMs used in this work) are pretrained on non-
overlapping and private institutional cohorts. In Tab. 1, we
present the heterogeneity of FMs in terms of the pretraining
data cohorts used to train the FMs used in our work.

With such heterogeneous and non-overlapping pretrain-
ing data cohorts, each FM learns unique representations that
are shaped by its own data distributions. This includes the
distinct patient populations, staining protocols, and imag-
ing pipelines. Leveraging multiple such FMs pretrained
on heterogeneous datasets together (in the case of ensem-
bles or HistoMILKD) can mitigate the risk of data biases
which can occur if a FM is pretrained specifically in a de-
mographic population or geographic region. This aggrega-
tion of diverse FMs ensures that the resulting model is more
robust and generalizable than a single FM. This is further
supported by our results in Tab. 1 of the main paper where
the inclusion of multiple FMs in the training phase signifi-
cantly improved the prediction performance.

Furthermore, we encourage the future works to extend
this framework by including other diverse FMs in terms of
data modality and framework. This includes FMs such as
CONCH [7] and PLIP [4] which include textual data in its
pretraining. Furthermore, the recent slide-level FMs such
as PRISM [9] and TITAN [2] with multimodal pretraining
cohorts are also an interesting direction for furthering the
HistoMILKD framework, as the FMs can produce slide-
level representations without needing an MIL adapter.

2. Experimental Details

2.1. Datasets

We evaluate the proposed method on five publicly available
WSI classification datasets.
1. TCGA BRCA [12]: Breast Invasive Carcinoma subtyp-

ing between invasive ductal carcinoma (IDC, 837 slides)
and invasive lobular carcinoma (ILC, 211 slides).

2. TCGA NSCLC: Non-Small Cell Lung Cancer subtyp-
ing between lung adenocarcinoma (LUAD, 530 slides)
and lung squamous cell carcinoma (LUSC, 511 slides).

3. TCGA RCC: Renal Cell Carcinoma subtyping between
clear renal cell (KIRC or CCRCC, 455 slides), papil-
lary renal cell (KIRP or PRCC, 298 slides), and chro-
mophobe renal cell carcinoma (KICH or CHRCC, 121
slides)

4. OCEAN [1]: Multi-institutional Ovarian Cancer subtyp-
ing between high-grade serous (HGSC, 216 slides), low-
grade serous (LGSC, 41 slides), endometrioid (EC, 119),
clear cell (CC, 94 slides), and mucinous carcinoma (MC,
41 slides)

5. TCIA OBR [10]: Ovarian Bevacizumab Response pre-
diction between effective (157 slides) and invalid (108
slides) treatments.

2.2. Preprocessing

Given the gigapixel resolution of the WSIs, we extract
k = 500 tissue patches of size 224 × 224 at 20X magni-
fication from each WSI at random. The patches are stain
normalized using the Macenko normalization technique [8]
to account for the staining disparities across different WSIs.
These patches are then forward-passed through pretrained
and frozen FMs to extract WSI features F that form the in-
puts to the HistoMILKD model, as shown in Fig. 2 of the
paper.

1



Foundation Model Data size (WSIs) Data source Backbone Method

UNI 100,000 Mass General Brigham ViT-L DINOv2
H-Optimus-0 500,000 Bioptimus proprietary

dataset
ViT-G DINOv2

Prov-GigaPath 171,189 Providence Healthcare ViT-G DINOv2 + Masked auto-
encoder

Virchow2 3,134,922 Memorial Sloan Ketter-
ing Cancer Center

ViT-H DINOv2 + Regulariza-
tion

Hibou-L 1,141,581 HistAI proprietary
dataset

ViT-L DINOv2

Table 1. Diversity of selected foundation models with respect to pretraining data cohort, model backbone, and the training framework.
Data size and data source refer to the pretraining data the foundation models are trained on.

2.3. Training Setup

For each dataset, we first set aside 20% of the patients as the
test set. With the remaining patients, we make three folds
of training (60%) and validation (20%) sets and train three
independent models, with all three models finally evaluated
on the held-out test set. Additionally, for each fold, we train
the models with 5 different random seeds for generalization
purposes and report the averaged results across all 15 exper-
iments (3 folds × 5 seeds).

2.4. Optimization

We use the Adam optimizer [6] with a learning rate and
weight decay of 1 × 10−3 each. We use the loss weighting
with α = 1 and β = 100, inspired by [13] and further by
the hyperparameter optimization as presented in Tab. 2. All
models are trained for a total of 25 epochs and the model at
the best validation performance epoch is used for testing on
the held-out test set. To handle the class imbalance in our
datasets, we use the balanced accuracy score as the metric
to evaluate our models. All models in our experiments are
trained using a combination of NVIDIA GeForce RTX 3090
and A6000 GPUs.

2.5. Choice of loss weights α and β

Inspired by the previous work, CAMKD [13], we use the
similar set of hyperparameters in this work. While the pre-
vious work achieved best results with α = 1 and β = 50,
we observed that the choice of α = 1 and β = 100 led to
better results on the TCGA BRCA dataset. Tab. 2 shows the
hyperparameter sensitivity of our framework for α and β.

3. HistoMILKD training pseudocode

We provide the pseudocode for the training loop of His-
toMILKD in Algorithm 1.

Table 2. Hyperparameter optimization results on the TCGA
BRCA dataset for optimal choice of α and β. The values denoted
represent the balanced accuracy scores. Nan indicates the model
failed to converge.

β
α

0.5 1 2 5

10 85.66 86.51 86.25 Nan
50 84.30 87.22 86.70 75.34
100 88.21 88.65 86.67 Nan
200 81.53 82.67 80.30 Nan

Algorithm 1 Simplified HistoMILKD training loop.
Require: teachers T1..TK (frozen), student S; data batches

(XT1 , .., XTK , XS , y);
1: for each training batch do
2: Teacher forwards:
3: for k = 1..K: (ŷTk , hTk )← Tk(XTk )
4: Student forward: (ŷS , hS)← S(XS)
5: Supervised: LCES ← CE(y, ŷS)
6: KD (teacher→ student):

pS ← softmax(ŷS), pTk ← softmax(ŷTk )

L(k)
KL ← KL(pTk ∥ pS)

wTk ← H(pTk )

LKDS ←
∑K

k=1 wTk L
(k)
KL

7: Teacher-projection hint:
8: for k = 1..K: h′

Tk
← Tk(hS)

LMSEy ←
∑K

k=1∥hTk − h′
Tk
∥22

9: Aux CE via teacher heads:
10: for k = 1..K: ŷ′

S,k ← HeadTk (h
′
Tk

)

LCES′ ←
∑K

k=1 CE(y, ŷ
′
S,k)

11: Total: L ← LCES + αLKDS + β LMSEy + LCES′

12: Update: ZEROGRAD(); BACKPROP(L); STEP()
13: end for



Figure 1. Analysis of MIL model performance in the His-
toMILKD. In each case, we use UNI as the student and H-
Optimus-0, Hibou, Prov-GigaPath, and Virchow2 as the teachers.

4. Additional analysis

4.1. Impact of MIL Model
In this section, we analyzed the impact of the MIL used
in the HistoMILKD framework. Specifically, we compare
the performance of our primary choice of MIL, ABMIL,
against other popular MIL models in computational pathol-
ogy literature, such as CLAM, VarMIL, and TransMIL. We
present the results of this analysis across all five datasets in
Fig. 1. In all the experiments under this section, we fix UNI
as the student model and use 4 FM teachers (H-Optimus-
0, Hibou-L, Prov-GigaPath, and Virchow2) for knowledge
distillation. Additionally, we also compare the computa-
tional overhead of our framework caused by the choice of
MIL model, the results of which are presented in Tab. 3.

We observed that ABMIL, despite being the smallest
MIL among others, has the most consistent performance
across all datasets in our framework. VarMIL, with a similar
attention-based aggregation as ABMIL, has a better base-
line performance compared to ABMIL on TCGA BRCA
and NSCLC, but the improvements obtained from His-
toMILKD with VarMIL are relatively lower. TransMIL,
on the other hand, leads to a bulky framework and performs
sub-optimally in our case. Similarly, CLAM does not suit
our framework as it is highly sensitive to the model hyper-
parameters and often runs into convergence issues.

4.2. Interpretability
In this section, we provide more examples of the attention
heatmaps. We also include the failure cases to highlight
the limitations of our approach. Fig. 2 and Fig. 3 show the
attention heatmaps of the cases where HistoMILKD im-
proves the prediction over the student UNI model. On the
other hand, Fig. 4 and Fig. 5 present the cases where our
method fails to improve the prediction.

Additionally, we also include the UMAP feature space

MIL Size (M) GFLOPs Time (hrs)

ABMIL 1.97 31.79 0.55
VarMIL 2.95 32.10 0.63

TransMIL 14.66 657.55 2.32
CLAM 5.28 167.97 0.96

Table 3. Computational impact of choice of MIL head in the His-
toMILKD framework. Size (M) and GFLOPs refer to the number
of model parameters (in millions) and floating point operations (in
billions) contributed by all the MIL heads in our framework. We
also report the GPU training time (in hours) of our framework av-
eraged across all 5 datasets with the respective MIL.

representations to compare the feature spaces of the student
UNI model with that of the HistoMILKD UNI model. In
Fig. 6, we present the UMAP comparison of the two meth-
ods across five datasets.
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TCGA-A8-A07O   Label: IDC Student: UNI   Prediction: ILC ❌ HistoMILKD: UNI   Prediction: IDC ✅ High attention patches

T1: H-Optimus-0  Prediction: IDC ✅ T2: Prov-GigaPath Prediction: IDC ✅ T3: Hibou-L  Prediction: ILC ❌ T4: Virchow2   Prediction: IDC ✅

Figure 2. Attention heatmaps for the IDC case TCGA-A8-A07O, where HistoMILKD improves prediction over the student UNI. Top row
compares the heatmaps of the baseline student with the HistoMILKD student, along with the high-attention patches from the latter model.
Bottom row presents the heatmaps of the teachers (denoted by T1, T2, etc.). Green and red bounding boxes denote correct and wrong
predictions respectively. We observe similarly distributed high-attention regions between the HistoMILKD student and the correctly
predicting teachers (H-Optimus-0, Prov-GigaPath and Virchow2).

TCGA-B3-8121   Label: KIRP Student: UNI   Prediction: KIRC ❌ HistoMILKD: UNI   Prediction: KIRP ✅ High attention patches

T1: H-Optimus-0  Prediction: KIRP ✅ T2: Prov-GigaPath Prediction: KIRP ✅ T3: Hibou-L  Prediction: KIRC ❌ T4: Virchow2   Prediction: KIRP ✅

Figure 3. Attention heatmaps for the KIRP case TCGA-B3-8121, where HistoMILKD improves prediction over the student UNI. We ob-
serve similar high-attention regions between the HistoMILKD student and the correctly predicting teachers (H-Optimus-0, Prov-GigaPath
and Virchow2). The incorrectly predicted models (UNI and Hibou-L) have highly concentrated attention regions and thereby miss out on
the relevant tumor information.



TCGA-75-6214   Label: LUAD Student: UNI   Prediction: LUSC ❌ HistoMILKD: UNI   Prediction: LUSC ❌ High attention patches

T1: H-Optimus-0  Prediction: LUSC ❌ T2: Prov-GigaPath Prediction: LUAD ✅ T3: Hibou-L  Prediction: LUSC ❌ T4: Virchow2   Prediction: LUSC ❌

Figure 4. Attention heatmaps for the LUAD case TCGA-75-6214, where HistoMILKD fails to improve its prediction over the student
UNI. We observe three of the four teachers also incorrectly predict the case to be LUSC and accordingly, the HistoMILKD UNI model
predicts the case to be LUSC.

TCGA-AK-3443   Label: KIRC Student: UNI   Prediction: KIRC ✅ HistoMILKD: UNI   Prediction: KIRP ❌ High attention patches

T1: H-Optimus-0  Prediction: KIRC ✅ T2: Prov-GigaPath Prediction: KICH ❌ T3: Hibou-L  Prediction: KICH ❌ T4: Virchow2   Prediction: KIRP ❌

Figure 5. Attention heatmaps for the KIRC case TCGA-AK-3443, where HistoMILKD predicts the wrong subtype despite the baseline
UNI model predicting the correct subtype. We observe three of the four teachers also incorrectly predict the case to be either KICH or
KIRP and as a result of incorrect teachers, the HistoMILKD UNI model predicts the case incorrectly.
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Figure 6. UMAP plots comparing the feature representations of the baseline UNI model (top row) with that of the HistoMILKD UNI
model (bottom row) across five datasets. The similarity of embedding spaces between the two methods indicate that UMAP may not fully
reflect the improvements achieved by HistoMILKD.
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