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1. Sensitivity Analysis

Fig. 1 shows the sensitivity analysis for the two datasets.

In the CAMELYON16 [1] AUC, a α of 0.01 demonstrates a

performance advantage across the entire range of δ values,

as depicted in Fig. 1(a). However, a notable performance

improvement is evident when δ is a relatively large value,

such as 0.49 and α is also a large value of 0.1. A simi-

lar pattern is observed in the accuracy results of the experi-

ments where δ is 0.49. When δ is 0.25, the AUC deviation

values in several experiments are significant. In terms of

accuracy, the δ = 0.5, α = 0.1 setting yielded the best per-

formance, indicating that ensuring that the model has suffi-

cient decision space for ambiguous predictions helps to se-

lect uncertain images. Therefore, for CAMELYON16, we

used (δ, α) = (0.49, 0.1).

Fig. 1(c) and (d) present the experimental results for the

DHMC dataset. Within the DHMC dataset, a δ value of

0.49 demonstrates a distinct advantage across the evalua-

tion metrics. In particular, in terms of accuracy, a δ of

0.49 consistently produces superior performance compared

to alternative values. This suggests that in datasets typi-

cally characterized by higher difficulty and, consequently,

lower accuracy, the model benefits from a broader space

for expressing uncertainty. The parameters were chosen as

(δ, α) = (0.49, 0.1), corresponding to the highest classifi-

cation performance.

Fig. 1(e) and (f) show the sensitivity analysis results for

the BCNB dataset. Unlike the other two datasets, the BCNB

dataset is less sensitive to hyperparameter choices, which

highlights the robustness of the proposed method to param-

eter selection on this dataset. Specifically, the AUC scores

achieve their highest performance with minimal variance

α = 0.1 and δ = 0.49. Similarly, accuracy has mini-

mal change with varying α values, reaching its peak per-

formance when δ = 0.49 and α = 0.1.

We identified a single set of parameters, (δ, α) =
(0.49, 0.1), that performs robustly across all three datasets:

CAMELYON16, DHMC, and BCNB. The δ = 0.49 gov-

erns the decision boundary margin of the cross-entropy,

suggesting the benefit of classifying classes at a wide dis-

(a)

(b)

(c)

(d)

(c)

(d)

Figure 1. Sensitivity analysis results for two hyper-parameters, δ
and α, on CAMELYON16 [1], DHMC [9], and BCNB [11].

tance. The parameter α = 0.1 controls the intensity of ad-
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Figure 2. Reliability diagrams on DHMC. We plot histograms comparing uncalibrated models (a) with methods achieving the best ECE

(b) for each.

ditional calibration, indicating that strong smoothing across

resolutions and samples can yield performance benefits.

Crucially, the ability of a single set of parameters to per-

form well on datasets from different anatomical sites sup-

ports the strong generalization capability of our proposed

methodology.

2. Additional Experiment Results on DHMC

2.1. Qualitiatve Analysis

A reliability histogram in Fig. 2 qualitatively shows the

ECE for various models and calibration methods. In experi-

ments without model calibration (Fig. 2(a)), HAG-MIL [10]

and UFC-MIL appropriately separated difficult and easy-to-

predict samples, which function as a referable confidence

for users. In the case of Godson et al., [3] the model confi-

dence spans the entire range, making it difficult for users to

connect numerical values with their actual belief. This also

fails to align with the accuracy, thereby exhibiting a high

ECE. DS-MIL [6] exhibits a more tempered prediction pro-

file; however, the considerable gap between its confidence

and accuracy can lead to untrustworthy results. UFC-MIL,

on the other hand, minimizes the difference between con-

fidence and accuracy. Its predictions do not force users to

interpret ambiguous confidence intervals.

Fig. 2(b) presents the results of the calibration training

on each architecture. For DS-MIL, label smoothing helps

flatten prediction probabilities and minimize the divergence

between accuracy and confidence. However, it shows high

ECE in some confidence intervals. M.C. Dropout, when

applied to HAG-MIL and Godson et al., demonstrates a

moderating effect on model confidence. This reduced the

accuracy-confidence gap for HAG-MIL, but the effect was

not significant for Godson et al. Additionally, the broad dis-

tribution of confidence across all ranges makes it unclear for

users to ascertain the trustworthiness of the model’s deci-

sions. Our approach demonstrates improvements over com-

parative methods. It clearly differentiates between predic-

Figure 3. Ablation results on the DHMC dataset. Performance

with all proposed methods is shown by a dashed line, with the

difference from each ablation indicated above the bars.

tions where the model struggles and those where it exhibits

high confidence.

2.2. Ablation Study

Fig. 3 presents the ablation study results of UFC-MIL’s

main components applied to the DHMC dataset. In all met-

rics, the fully equipped UFC-MIL� demonstrated outstand-

ing performance in the DHMC dataset. Experiments with-

out calibration training using SRLS showed high ECE, in-

dicating that model calibration training influences the align-

ment with expected accuracy. Furthermore, in this calibra-

tion training, S̃r
i affected its quantity, indicating that using

both the mean and deviation, rather than just the mean as

in conventional entropy measurement approaches [7], is ef-

fective. The removal of TNAM led to a decrease in overall

performance. Notably, while TNAM’s removal caused the

smallest drop in accuracy, it resulted in a larger increase in

ECE. This suggests that TNAM, which aggregates patch-

level features, contributes to construct patch-level uncer-

tainty.
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Figure 4. Reliability diagrams on BCNB. We plot histograms comparing uncalibrated models (a) with methods achieving the best ECE (b)
for each.

3. Additional Experiment Results on BCNB
3.1. Qualitative Analysis

We present the reliability diagram for the BCNB dataset

in Fig. 4. In uncalibrated results, DS-MIL and Godson et

al. demonstrated high average confidence but with low av-

erage accuracy, indicating a notable degree of overconfi-

dence. Specifically, the concordance between confidence

and accuracy in the high-confidence region degraded sub-

stantially for Godson et al., leading to a higher ECE. HAG-

MIL and UFC-MIL, however, were better calibrated than

the other two models, as the difference between their aver-

age confidence and accuracy was minimal. The UFC-MIL

model achieves a low ECE except for the highest confidence

range. By placing classification confidence into discrete in-

tervals, this approach proves to be highly applicable in clin-

ical settings. Fig. 4(b) shows the qualitative results follow-

ing calibration training. Label Smoothing significantly im-

proved the overall ECE for DS-MIL and contributed to nar-

rowing the confidence-accuracy gap. HAG-MIL achieved

better confidence-accuracy alignment with Deep Ensem-

ble, although it still exhibited a high ECE in the high-

confidence range. While Label Smoothing also reduced

the gap for Godson et al., a high ECE was still observed

across the entire confidence spectrum. The SRLS calibra-

tion, when applied to UFC-MIL, contributed to a reduction

in the confidence-accuracy gap and enhanced the quantiza-

tion of prediction confidence. This provides a clearer basis

for users to interpret and rely on the model’s predictions.

3.2. Ablation Study

We present the ablation results of our proposed method-

ology on the BCNB dataset (Fig. 5). Our complete model

achieved superior overall performance compared to its ab-

lated variants, with the removal of any proposed component

leading to significant degradation in ECE. Specifically, the

absence of TNAM resulted in a high ECE and a low AUC,

demonstrating its impact on the classifier’s overall perfor-

Figure 5. Ablation results on the BCNB dataset. Performance

with all proposed methods is shown by a dashed line, with the

difference from each ablation indicated above the bars.

mance. Training without SRLS resulted in a notable in-

crease in ECE, accompanied by only a slight decrease in

AUC and accuracy, suggesting that SRLS contributes to

more reliable model training. The removal of the S̃ri com-

ponent also increased ECE, showing that S̃ri functions as a

critical calibration component in conjunction with M̃r
i .

4. Further Quanltitative Results

Table 1 presents additional recall scores and AUC for

various MRMILs and calibration methods across three

datasets. The results consistently show a lack of correla-

tion between R@k% and AUC, indicating a misalignment

between low Type II error rate and discriminative power.

A comparison with the accuracy values in the main text is

necessary, as recall scores can be inflated due to overesti-

mation.

Temperature Scaling generally improves AUC, though

in some cases it comes at the expense of R@k%. A direct

correlation between these two metrics is difficult to estab-

lish, as there are also instances where both AUC and Re-

call are improved. This same pattern is observed with La-

bel Smoothing and MC Dropout. The Deep Ensemble ex-

periments revealed a significant reduction in AUC across

all datasets, which we attribute to the decision boundary



CAMELYON16 [1] DHMC [9] BCNB [11]Calibration

Method
MRMIL

R@50% ↑ AUC ↑ R@70% ↑ AUC ↑ R@50% ↑ AUC ↑
DS-MIL [6] 0.892 (0.012) 0.924 (0.009) 0.847 (0.056) 0.818 (0.018) 0.961 (0.028) 0.811 (0.012)

HAG-MIL [10] 0.923 (0.021) 0.877 (0.025) 0.781 (0.059) 0.800 (0.016) 0.975 (0.022) 0.811 (0.011)

Godson et al. [3] 0.965 (0.060) 0.952 (0.031) 0.840 (0.044) 0.856 (0.006) 0.955 (0.021) 0.807 (0.013)
-

UFC-MIL 0.971 (0.028) 0.952 (0.033) 0.873 (0.046) 0.836 (0.015) 0.984 (0.014) 0.829 (0.023)

DS-MIL [6] 0.963 (0.003) 0.958 (0.020) 0.874 (0.052) 0.827 (0.011) 0.977 (0.001) 0.814 (0.035)

HAG-MIL [10] 0.833 (0.004) 0.833 (0.007) 0.763 (0.033) 0.794 (0.019) 0.967 (0.036) 0.831 (0.011)
Godson et al. [3] 0.966 (0.053) 0.954 (0.028) 0.861 (0.057) 0.857 (0.008) 0.947 (0.027) 0.824 (0.016)

Temperature

Scaling [4]

UFC-MIL 0.968 (0.003) 0.948 (0.008) 0.862 (0.036) 0.823 (0.018) 0.970 (0.017) 0.792 (0.028)

DS-MIL [6] 0.912 (0.125) 0.939 (0.052) 0.846 (0.075) 0.797 (0.027) 0.944 (0.029) 0.779 (0.075)

HAG-MIL [10] 0.920 (0.030) 0.873 (0.019) 0.790 (0.031) 0.806 (0.015) 0.958 (0.017) 0.817 (0.012)

Godson et al. [3] 0.952 (0.060) 0.948 (0.033) 0.823 (0.028) 0.857 (0.007) 0.975 (0.008) 0.824 (0.017)

Label

Smoothing [8]

UFC-MIL 0.965 (0.026) 0.953 (0.027) 0.885 (0.004) 0.834 (0.007) 0.978 (0.011) 0.824 (0.018)

DS-MIL [6] 0.929 (0.041) 0.964 (0.005) 0.836 (0.062) 0.825 (0.021) 0.958 (0.025) 0.813 (0.008)

HAG-MIL [10] 0.884 (0.038) 0.895 (0.003) 0.790 (0.038) 0.803 (0.015) 0.963 (0.023) 0.819 (0.024)

Godson et al. [3] 0.950 (0.065) 0.950 (0.029) 0.833 (0.065) 0.843 (0.012) 0.959 (0.014) 0.808 (0.018)

M.C.

Dropout† [2]

UFC-MIL 0.971 (0.028) 0.951 (0.031) 0.879 (0.039) 0.834 (0.019) 0.995 (0.005) 0.829 (0.022)

DS-MIL [6] 0.892 0.908 0.866 0.754 0.925 0.665

HAG-MIL [10] 0.878 0.848 0.769 0.754 0.984 0.698

Godson et al. [3] 0.971 0.879 0.846 0.760 0.960 0.674

Deep

Ensembles† [5]

UFC-MIL 0.966 0.912 0.785 0.813 0.951 0.718

DS-MIL [6] 0.958 (0.036) 0.940 (0.003) 0.825 (0.117) 0.823 (0.025) 0.966 (0.012) 0.808 (0.034)

HAG-MIL [10] 0.853 (0.072) 0.864 (0.054) 0.802 (0.093) 0.803 (0.017) 0.985 (0.012) 0.804 (0.009)

Godson et al. [3] 0.727 (0.182) 0.802 (0.113) 0.695 (0.289) 0.813 (0.024) 0.956 (0.017) 0.825 (0.012)
UDLS† [7]

UFC-MIL 0.840 (0.081) 0.883 (0.013) 0.884 (0.044) 0.826 (0.017) 0.979 (0.029) 0.811 (0.024)

UFC-MIL� 0.973 (0.027) 0.964 (0.024) 0.881 (0.038) 0.843 (0.011) 0.994 (0.010) 0.831 (0.011)

Table 1. Additional recall score and AUC on CAMELYON16 [1], DHMC [9], and BCNB [11] dataset. We report the mean and standard

deviation, with the latter indicated in parentheses. In each metric, the highest value is bolded. A dagger † indicates that the calibration

methods require extra inference steps for model calibration training.

becoming less distinct during the aggregation of multiple

model outputs. UDLS experienced a decline in both recall

and AUC on the CAMELYON16 and DHMC datasets. This

suggests that the single-resolution-based UDLS requires a

more refined methodology to operate effectively in a multi-

resolution context. Conversely, its application to the BCNB

dataset resulted in an improvement in both metrics, high-

lighting the utility of UDLS calibration for datasets with

class imbalance. The SRLS-trained UFC-MIL� demon-

strated competitive performance on the CAMELYON16

and BCNB datasets. While UFC-MIL achieved the second-

best R@70% on DHMC, it attained the highest R@70%
among uncalibrated MILs. Although the highest AUC was

achieved by Godson et al., it was accompanied by a poor

ECE, which is not aligned with our goal of developing a

well-calibrated MIL.

5. Additional Diagnostic Process Visualization

Fig. 6 shows visualized examples of traditional attention

map and uncertainty-based map from the coarsest (2 MPP)

to the finest (0.5 MPP) resolutions. Although HAG-MIL fo-

cused on the coarsest-resolution lesions, it was designed to

drop patches during its iterative zooming process because

of multiple discontinuous models. This limits its observa-

tion to narrow areas at higher, information-rich resolutions.
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Figure 6. Illustration of attention map versus uncertainty map. In

the attention map of HAG-MIL [10], patches with low attention

scores that were dropped during the zooming process are shown

in grayscale, which the fine-grained model had no opportunity to

observe.

UFC-MIL showed high uncertainty around the lesions and

their boundaries at the 2 MPP. When the model observes

these uncertain areas, we see that the model’s uncertainty



Figure 7. We plot the GFLOPs and ECE of the MRMILs across

three datasets that were leveraged in the experiments. The area of

each plotted dot is proportional to the number of trainable parame-

ters for each model, with the exact count provided in parentheses.

is significantly reduced at the next resolution. This behav-

ior mirrors a human expert’s process of resolving diagnostic

uncertainty through magnification, which is made possible

by our single model’s continuous multi-resolution analysis.

6. Model Complexity

Fig. 7 plots the computational complexity (GFLOPs) and

ECE for various MRMILs across three datasets used in the

study. DS-MIL and Godson et al. have the fewest pa-

rameters and lowest GFLOPs (≈0.65). In contrast, HAG-

MIL uses a relatively large number of learnable parameters

(16.98 M) and 4.24 GFLOPs due to its independent mod-

els for each resolution and their serial operations. UFC-

MIL sits between these extremes with 7.06 M learnable

parameters and 2.35 GFLOPs, a computational footprint

that is still manageable on a single 8 GiB GPU. The re-

sults for the CAMELYON16 and DHMC datasets show

that UFC-MIL effectively leverages its additional parame-

ter count, achieving a lower ECE compared to the Godson

et al. and DS-MIL. Conversely, HAG-MIL fails to benefit

from a larger parameter count, reporting the highest ECE on

these datasets. In the BCNB result, UFC-MIL significantly

reduces ECE, demonstrating a clear advantage in produc-

ing more reliable MIL models. HAG-MIL achieves a lower

ECE than DS-MIL by using a substantially larger number of

parameters, but its ECE is on par with that of Godson et al.

These findings demonstrate that our proposed methodology

effectively improves ECE with a modest and computation-

ally feasible increase in parameters, even when using a GPU

with limited memory.

Algorithm 1 UFC-MIL Calibration Training

1: Input: R resolutions of WSI instances datasetD which

are yield by pre-trained feature extractor, Initialized

UFC-MIL fθ = {fθr}r=1:R, PW Loss margin δ, Gum-

bel softmax τ , Smoothing factor α, Training Epoch E
2: Output: Calibration-trained UFC-MIL� fθ
3: \\ Training

4: for e = 1 to �0.9×E� do
5: for {zr=1:R

i ,Ar=1:R
i , Yi} ∈ D do

6: p̂r=1:R
i , p̂r=1:R

i = fθ(z
r=1:R
i ,Ar=1:R

i , τ)
7: Cross Entropy Loss: Lr=1:R

i

8: Patch-Wise Loss with δ: Lr=1:R
i

9: end for
10: L =

∑
i

∑
r

(Lr
i,CE + Lr

i,PW

)

11: fθ ← Optimizer(fθ,L)
12: if e = �0.9×E� then
13: Mr=1:R ← ⋃

i∈D mean
(
H(p̂r=1:R

i )
)

14: Sr=1:R ← ⋃
i∈D std

(
H(p̂r=1:R

i )
)

15: Log p̂r=1:R
i

16: end if
17: end for
18: \\Model Calibration Training

19: for e = 1 to E− �0.9×E� do
20: for {zr=1:R

i ,Ar=1:R
i , Yi} ∈ D do

21: if e = 1 then
22: M̃r=1:R

i =
mean(H(p̂r=1:R

i ))−min(Mr=1:R)
max(Mr=1:R)−min(Mr=1:R)

23: S̃r=1:R
i =

std(H(p̂r=1:R
i ))−min(Sr=1:R)

max(Sr=1:R)−min(Sr=1:R)

24: εr=1:R
i = 1

2 (M̃r=1:R
i + S̃r=1:R

i )× α

25: Ỹ r=1:R
i ← (1− εr=1:R

i )Yi + εr=1:R
i /C

26: Log Ỹ r=1:R
i

27: end if
28: p̂r=1:R

i , p̂r=1:R
i = fθ(z

r=1:R
i ,Ar=1:R

i , τ)
29: Cross Entropy Loss using Ỹ r=1:R

i : Lr=1:R
i

30: end for
31: L =

∑
i

∑
r

(Lr
i,CE

)

32: fθ ← Optimizer(fθ,L)
33: end for

7. Pseudo Training Algorithm

We present the detailed training process of UFC-MIL�

and the additional calibration procedure in Algorithm 1.
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