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Abstract

Region-based loss functions, such as the Dice loss, have established themselves as the
de facto standard for highly class- and region-imbalanced segmentation tasks. However,
models trained using region-based loss functions are notoriously miscalibrated and typically
yield over-confident predictions. In medical imaging applications, such as defining tumor
resection margins, this miscalibration is hindering clinical adoption. In this work, we
outline a novel gradient perspective on this overconfidence and show how it affects region-
based loss functions. We propose a ”surgery” on the gradient vector field as a simple, yet
effective intervention to mitigate calibration issues. This surgery adds a factor to the loss’s
partial derivative, scaling the gradient’s magnitude linearly with the prediction error. In
empirical evaluations across 2D and 3D medical segmentation tasks, we demonstrate how
this intervention improves model calibration while maintaining high prediction accuracy
when used in conjunction with any region-based loss function.

Keywords: Segmentation, Calibration, Gradient Surgery, Brain Tumor, Metastases

1. Introduction

The Dice Similarity Coefficient (DSC) has become a primary evaluation metric and loss
function in medical image segmentation. Originally adapted for volumetric segmentation
(Milletari et al. (2016)), the Dice loss and its derivatives (e.g. (Salehi et al., 2017; Taghanaki
et al., 2019) excel in scenarios of extreme class imbalance—a ubiquitous challenge in medical
imaging where foreground structures (e.g., lesions or vessel fragments) occupy negligible
fractions of the image volume. By directly optimizing a continuous approximation of the
region overlap between predictions and ground truth, the Dice loss circumvents the local
minima often encountered when training voxel-wise objectives on highly imbalanced data.

However, this robustness to class imbalance comes at a cost. The Dice loss cannot
inherently enforce probabilistic consistency with the underlying data-generation process,
unlike e.g. the Cross-Entropy (CE) loss, which corresponds directly to a proper scoring
rule (Gneiting and Raftery, 2007). Instead, models trained with Dice loss exhibit patho-
logical overconfidence, pushing softmax probabilities toward 0 or 1 regardless of the actual
epistemic uncertainty. This creates a significant dichotomy for clinical model development.
In high-stakes workflows, such as defining tumor resection margins or radiotherapy tar-
get volumes, a segmentation map is not merely a binary mask but a decision boundary.
Well-calibrated predictions enable meaningful verification and the imperative possibility of
adapting outputs to high-recall or high-sensitivity solutions (Sander et al., 2019; Jiang et al.,
2012).
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In this work, we analyze partial derivatives w.r.t. to the network’s weights to identify
the root cause of miscalibration inherent to all region-based segmentation losses. We show
that the gradient dynamics of these losses effectively neglect the calibration of the predicted
probabilities and only optimize for region overlap between predictions and ground truth.
To mitigate this issue, we propose a gradient surgery, a simple yet effective intervention
(surgery) on the gradient vector field of the model’s voxel-wise logit outputs. Given a
network’s predicted probability p, this intervention rescales the loss’s partial derivative w.r.t.
single pixel logits such that the error |y − p| has a linear influence. In extensive empirical
experiments on 2D and 3D medical segmentation tasks, we show that our proposed method
improves model calibration while maintaining high segmentation performance.

2. Related work

Seminal works by Mehrtash et al. (2020); Bertels et al. (2019); Sander et al. (2019) showed
that segmentation models trained with Dice loss provide miscalibrated, overconfident pre-
dictions and thus questioned their clinical applicability. Initial mitigation strategies in-
cluded model ensembles to improve the calibration of such region-based losses (Mehrtash
et al., 2020). Other common strategies involve compound objectives, such as the Combo
Loss (Taghanaki et al., 2019) or Unified Focal Loss (Yeung et al., 2022), which compute a
weighted sum of Dice and CE (or Focal) terms. While these stabilize training, they often
require extensive tuning of the weighting hyperparameter λ and represent a compromise
rather than a theoretical fix for the miscalibration. The marginal L1 average calibration
error (mL1-ACE) was recently proposed as an auxiliary loss that is specifically targeted
at improving voxel-wise calibration (Barfoot et al., 2024). Another focus was the direct
adaptation of region-based losses. The Tversky Loss (Salehi et al., 2017) generalizes the
Dice coefficient to allow for individual weighting of false positives and false negatives, which
impacts precision and recall but does not explicitly address probabilistic calibration. More
recently, DSC++ (Yeung et al., 2023) introduced an exponent γ > 1 to the Dice formula-
tion to selectively penalize overconfident, incorrect predictions. While the focal γ results in
improved calibration, it can drastically change the gradient dynamics compared to the Dice
loss through the down-weighting of samples with large fractions of false positives and false
negatives (see Appendix E). An alternative to modifying the primary loss is post-hoc recal-
ibration (Rousseau et al., 2021). Techniques such as temperature scaling (Guo et al., 2017),
Platt scaling (Platt et al., 1999), and isotonic regression map (Zadrozny and Elkan, 2002)
model outputs to calibrated probabilities after training. While effective on in-distribution
data, these methods do not improve the quality of the learned feature representation and
are known to degrade under the domain shifts common in medical deployment.

3. Gradient dynamics of region-based segmentation losses: analysis and
intervention

Below, we present a concise analysis of the Dice loss’s gradient dynamics alongside our
proposed intervention that encourages calibrated predictions. We assume a binary seg-
mentation problem using a final sigmoid activation function to turn logits into probability
values.
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Figure 1: Partial derivatives of dice loss (top row) vs. cross entropy loss (bottom row)
for single voxels. Sub-panels show the absolute value of: δL

δpi
, δp

δzi
, and δL

δzi
as a

function of the predicted probability p for a foreground (y = 1, yellow) and a
background (y = 0, purple) voxel. Red squares indicate intersection points where
the magnitude of foreground and background derivatives is in equilibrium. For
cross-entropy, the curves intersect at p = 0.5, encouraging uncertain predictions
for indistinguishable voxel-representations with different labels. For the Dice
loss, they intersect at p ∈ {0, 1}, effectively pushing all predicted probabilities to
extreme values.

3.1. Region-based losses converge to miscalibrated solutions

The soft dice loss for a prediction/target mask pair P ∈ RN and Y ∈ {0, 1}N is defined as:

DSC(P, Y ) = 1−
2
∑N

i=1 piyi + ϵ∑N
i=1 pi +

∑N
i=1 yi + ϵ

= 1− 2I + ϵ

P + Y + ϵ
, (1)

where I is the intersection between P and Y . The partial derivative of the Dice loss
w.r.t. the predicted probability pi for an individual input voxel i is:

∂LDSC

∂pi
=

2yi(P + Y + ε)− (2I + ε)

(P + Y + ε)2
, (2)

which we will refer to as the “global” termG(i). Crucially, as with all region-based losses,
G(i) can usually be approximated as a constant G because a single voxel has negligible
influence on G as the image size N increases. Using sigmoid or softmax activation on the
model’s output, the partial derivative of the loss w.r.t. a single voxel logit zi is:

∂LDSC

∂zi
=

∂LDSC

∂pi
· ∂pi
∂zi

= G(i) · pi(1− pi). (3)
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Figure 2: Visualization of the gradient w.r.t. the voxel-wise logits. Purple circles indicate
confident errors, where gradients vanish through the activation function for Dice
and Dice++.

These partial derivatives have two undesirable properties, visualized in Figure 1. First,
∂LDSC/∂zi is maximized by uncertain voxels (p ≈ 0.5) while confident predictions (p ≈ 0 or
p ≈ 1) have negligible influence on the gradient w.r.t. the network’s parameters. Impor-
tantly, this occurs independent of their correctness i.e., confident but incorrect predictions
yield no gradient, see Figure 2. Second, the partial derivatives for foreground and back-
ground intersect only at the function’s boundaries i.e., 0 and 1; see red squares in Figure
1, top row, which causes the network to converge to overconfident predictions. We make a
simplified argument by considering a scenario where a network is trained to a point where
it has exhausted its maximal discriminative capacities, i.e., there exist voxels a and b with
different labels (ya = 1 and yb = 0) that are indistinguishable through the network’s latent
representation l(x), i.e. l(a) ≈ l(b). Therefore, the network is forced to output highly
coupled probabilities for both voxels, i.e., pa ≈ pb. The described scenario naturally evolves
when a network is trained towards convergence without reaching zero loss. In this scenario,
a and b influence the gradient w.r.t. the network parameters in opposite directions through
the opposing ground truth labels for these ”indistinguishable” voxels. For ya = 1, the net-
work parameters are guided towards a higher probability, and for yb = 0 towards a lower
probability. Therefore, the network’s weights converge to output the probability for l(a)
and l(b) such that the gradients are in equilibrium (red squares in Figure 1):
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∂L

∂za
= − ∂L

∂zb
(4)

Formally, this equilibrium can be extended from a single pair of indistinguishable voxels
v to sets of indistinguishable voxels Sk := {v | l(v) ≈ ck}, where ck is the voxel set’s
shared latent representation. As described above, the network predicts the same pk for all
elements (voxels) in a Sk. In addition to pk, a set Sk is characterized by its ratio between

foreground and background labels rk = |Sfg
k |/|Sk|, where Sfg

k := {v ∈ Sk|y(v) = 1} ⊂ Sk

is the subset of Sk containing the voxels with ground truth label y = 1. These sets are
naturally encountered when training on complete samples/batches consisting of a large
number of voxels, whose influences accumulate, resulting in numerous different equilibrium
probabilities that characterize the network’s calibration.

In the case of cross-entropy, the equilibrium for any set of indistinguishable voxels Sk

with foreground ratio rk is reached at pk = rk = |S1|/|S|. Note that this directly corresponds
to perfect calibration, where the predicted probabilities correspond to the underlying data-
generating distribution. (Guo et al., 2017). In the case of Dice, an equilibrium can only
be reached for pa = pb = 0 ∨ pa = pb = 1, which is independent of the set’s label ratio
and leads to overconfident predictions that are unrelated to the underlying data-generating
distribution.

3.2. Combining calibration and region size imbalance awareness using gradient
surgery

We hypothesize that ideally, the partial derivatives w.r.t. the voxel logits respect (1) error
magnitude to obtain equilibria resulting in calibrated probability outputs (similar to CE,
see Figure 1), and (2) dynamic adaptation to drastic region size imbalance for overlap
maximization. Suitable partial derivatives for foreground and background that fulfill these
requirements are:

∂L

∂zfgi
= (1− pi)

2(P + Y + ε)− (2I + ε)

(P + Y + ε)2
= (1− pi)G

fg(i), (5)

∂L

∂zbgi
= −pi

(2I + ε)

(P + Y + ε)2
= −piG

bg(i), (6)

respectively. Here, the magnitude scales linearly with the error while maintaining adap-
tive, region-size-dependent foreground and background weighting. Notably, the global terms
Gfg and Gbg are equal to the Dice formulation. Following the chain rule, where the partial
derivative of the probability w.r.t. the logits is ∂pi/∂zi = (1−pi)∗pi, we would need a scalar
loss that results in the following partial derivatives w.r.t. the single voxel probabilities:

∂L

∂pfgi
=

1

pi

2(P + Y + ε)− (2I + ε)

(P + Y + ε)2
=

1

pi
Gfg(i), (7)

∂L

∂pbgi
= − 1

(1− pi)

(2I + ε)

(P + Y + ε)2
= − 1

(1− pi)
Gbg(i), (8)
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For these partial derivatives to form the gradient w.r.t. the logits ∇zL for a scalar loss
function L, we require symmetry of second derivatives, which is not guaranteed for all zi
and zk as outlined in the proof in Appendix A. We identify this as the reason no loss with
the desired partials was previously proposed. Instead of relying on a scalar loss, we define
a vector field F(z) with

Fi(z) =
pi(1− pi)

(yipi + (1− yi)(1− pi))

2yi(P + Y + ε)− (2I + ε)

(P + Y + ε)2
, (9)

that we use as an optimization objective for model training. Our gradient scale factor
is pi when yi = 0 and 1 − pi when yi = 1. This can be interpreted as either a ”region-
imbalance” weighted cross-entropy gradient, or, as a linearly error-weighted dice gradient
without the sigmoid derivative. Implementation details of the methods are described in
Appendix C.

Empirically, we find that adding a relatively sharp decline close to 0 and to 1 results in
higher performance. We add this sharp decline by multiplying by (1−(1−p)n) and (1−pn),
where n regulates the steepness of the decline. For n → ∞ function is essentially equivalent
to |y − p| for 0 < p < 1, and 0 for p ∈ (0, 1). Effectively, for |y − p| values close to 0, this
has similarity to label smoothing for cross-entropy loss (Szegedy et al., 2016; Müller et al.,
2019), by reducing the incentive of the model to push probabilities to maximal certainty.
Symmetrically, for |y − p| close to 1, this can be interpreted as de-emphasizing extremely
confident errors, potentially improving robustness against obvious cases of label noise. An
ablation on the exponential n is displayed in section 4.2. Including the decline terms, the
vector field is displayed in Appendix F, Figure 6 and defined as:

Fi(z) = (1− (1− p)n)(1− pn)
pi(1− pi)

(yipi + (1− yi)(1− pi))

2yi(P + Y + ε)− (2I + ε)

(P + Y + ε)2
, (10)

3.3. Vector field stability

The non-existence of a scalar loss function yielding the desired partial derivatives implies
that the logit vector field and, therefore, also the induced vector field on the network weights,
is non-conservative. Non-zero curl of vector fields can result in difficulties during optimiza-
tion that are well studied, e.g., in the field of generative adversarial networks (Mescheder
et al., 2017). However, the curl in our proposed vector field F(z) is negligible compared
to the diagonal terms, which prevents the problematic ”orbiting” around solutions. A vi-
sualization of F(z) compared to the gradient vector fields of other methods is displayed
in Figure 4 in Appendix B. Moreover, F(z) provides favorable theoretical properties that
make it suitable for model training: First, the proposed vector field F(z) is continuous and
smooth on R⋉, since each component Fi(z) is a smooth function, see Equation 10. Second,
the vector field always points towards the ground truth solution g, since no sign flips occur
for the components Fi(z). These theoretical considerations, in conjunction with our empiri-
cal evaluation in Section 4, showcase the proposed solution’s suitability for effective network
training. Example training curves with different optimizers are displayed in Appendix D.
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Table 1: Average test set performance of the 5 best runs out of 25 (selected through vali-
dation dice scores) trained using each loss on the INbreast dataset (Moreira et al.,
2012). Best results are displayed in bold, second-best results are underlined. Bet-
ter performance for standard losses vs. altered losses is highlighted through italics.

Method NLL ↓ ECE ↓ MCE ↓ Brier ↓ DSC (%) ↑

IN
b
re
as
t

Cross Entropy 0.0192 ±0.0035 0.0038 ±0.0015 0.1903 ±0.0872 0.0050 ±0.0008 66.21 ±3.57

Dice++ 0.0195 ±0.0024 0.0034 ±0.0009 0.1774 ±0.0244 0.0045 ±0.0007 67.51 ±3.17

CE + Dice 0.0328 ±0.0067 0.0049 ±0.0007 0.3111 ±0.0130 0.0054 ±0.0006 71.76 ±2.10

CE + Dice - Surgery 0.0153 ±0.0013 0.0023 ±0.0003 0 .1568 ±0.0092 0.0039 ±0.0003 74.39 ±3.34

Dice 0.0567 ±0.0160 0.0058 ±0.0006 0.3214 ±0.0324 0.0062 ±0.0005 64.93 ±3.31

Dice - Surgery 0 .0164 ±0.0042 0 .0026 ±0.0010 0.1495 ±0.0112 0 .0039 ±0.0009 74 .34 ±2.77

Tversky 0.0489 ±0.0114 0.0051 ±0.0012 0.3439 ±0.0372 0.0054 ±0.0012 67.63 ±2.90

Tversky - Surgery 0 .0187 ±0.0035 0 .0030 ±0.0008 0 .1650 ±0.0184 0 .0047 ±0.0009 69 .34 ±3.76

F
IV

E
S

Cross Entropy 0.0542 ±0.0011 0.0043 ±0.0001 0.0467 ±0.0015 0.0138 ±0.0002 87.54 ±0.22

Dice++ 0.0545 ±0.0006 0.0048 ±0.0002 0.0560 ±0.0031 0.0135 ±0.0001 87.97 ±0.07

Dice + m1L1-ACE 0.0756 ±0.0020 0.0074 ±0.0003 0.0613 ±0.0054 0.0156 ±0.0004 85.96 ±0.45

CE + Dice 0.0662 ±0.0013 0.0103 ±0.0002 0.1558 ±0.0047 0.0142 ±0.0002 87.99 ±0.16

CE + Dice - Surgery 0 .0533 ±0.0014 0 .0045 ±0.0003 0 .0486 ±0.0024 0 .0136 ±0.0001 87.70 ±0.09

Dice 0.3118 ±0.0864 0.0162 ±0.0006 0.3514 ±0.0144 0.0165 ±0.0005 88.03 ±0.25

Dice - Surgery 0 .0540 ±0.0013 0 .0044 ±0.0003 0 .0485 ±0.0032 0 .0139 ±0.0001 87.60 ±0.12

Tversky 0.2595 ±0.0680 0.0163 ±0.0001 0.3408 ±0.0127 0.0168 ±0.0002 87.77 ±0.21

Tversky - Surgery 0.0532 ±0.0009 0 .0044 ±0.0002 0 .0488 ±0.0018 0 .0136 ±0.0002 87 .79 ±0.25

4. Experimentation and Results

We compare our custom vector field adaptations for different region-based losses, includ-
ing Dice, Tversky (Salehi et al., 2017), Combo loss (CE + Dice) (Taghanaki et al., 2019),
m1L1-ACE (+Dice) loss, and Dice++ losses. Details on the hyperparameter settings for
these losses are listed in Appendix D. We conduct a random hyperparameter search to find
the optimal configuration for each setup with 25 and 10 runs for our 2D and 3D datasets,
respectively. Implementation details for our optimization method are provided in the Ap-
pendix C. We use the UNet architecture (Ronneberger et al., 2015) with residual units (He
et al., 2016) combined with heavy domain-specific augmentations (Isensee et al., 2021).

Metrics We evaluate model calibration using negative log-likelihood (NLL), expected cal-
ibration error (ECE), maximum calibration error (MCE) (Naeini et al., 2015; Guo et al.,
2017), and Brier score (Glenn et al., 1950). Additionally, we report the Dice similarity
coefficient (DSC) as an overlap-based metric.
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Table 2: Best out of 10 runs (selected through validation dice scores) trained using each
loss on the BraTS-METS dataset (Maleki et al., 2025) (top block) and the KiTS
dataset (Heller et al., 2019) (bottom block). Best results are displayed in bold,
second-best results are underlined. Better performance for standard losses vs.
altered losses is highlighted through italics.

Method NLL ↓ ECE ↓ MCE ↓ Brier ↓ DSC (%) ↑

B
ra
T
S

Dice++ 0.0187 0.0006 0.1359 0.0017 72.53

CE + Dice 0.0094 0.0007 0.3219 0.0016 73.05

CE + Dice - Surgery 0.0051 0.0005 0 .1451 0 .0015 73.19

Dice 0.0234 0.0009 0.4113 0.0019 69.53

Dice - Surgery 0 .0055 0.0005 0 .1414 0.0014 71 .02

Tversky 0.0342 0.0010 0.4273 0.0019 72 .39

Tversky - Surgery 0 .0265 0.0005 0 .1379 0 .0016 71.80

K
iT
S

Dice++ 0.0165 0.0024 0.1459 0.0066 75.57

CE + Dice 0.0238 0.0029 0.2884 0.0064 75.77

CE + Dice - Surgery 0.0125 0.0017 0 .1389 0.0052 76.75

Dice 0.0580 0.0033 0.3513 0.0068 76 .62

Dice - Surgery 0 .0161 0 .0022 0.1345 0 .0063 74.01

Tversky 0.0714 0.0041 0.3616 0.0083 73.10

Tversky - Surgery 0 .0229 0 .0029 0 .1404 0 .0077 73 .87

Datasets We perform experiments on datasets for 2D retinal vessel segmentation on
the FIVES dataset (Jin et al., 2022), for 2D mass segmentation in mammography images
(Moreira et al., 2012), for 3D metastasis segmentation on the BraTS-METS dataset (Maleki
et al., 2025), and 3D tumor segmentation on the KiTS dataset (Heller et al., 2019). Detailed
descriptions of the datasets and data splits are provided in Appendix D.

4.1. Results

Tables 1 and 2 present our main results for the experiments on 2D and 3D datasets. Our
proposed gradient vector field surgery, applied to the gradient of a region-based loss function,
improves calibration metrics compared to the respective baseline losses alone (ComboLoss,
Dice, and Tversky) across all cases in all four datasets. In some cases, our approach reduces
NLL and ECE by factors of 4 to 6, while having a negligible (FIVES, BraTS, KiTS) or
positive (INbreast) impact on binary prediction performance. Furthermore, our approach
applied to varying baseline losses consistently yields the best (INBreast, KiTS, BraTS) or
second-best (FIVES, BraTS) calibration scores in all metrics. Especially CE + Dice with
gradient vector field surgery performs strongly on all datasets in terms of calibration and
DSC.
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Figure 3: Visualization of the predicted probabiltiy maps as heat maps on the BraTS
dataset (best viewed zoomed in). Yellow and red indicate medium and high
foreground probability, respectively. Blue arrows indicate regions of overconfi-
dence of the Dice model, while our approach exhibits well-calibrated predictions.
The Dice model overconfidently predicts background (A, both arrows and B, right
arrow) and foreground (B, left arrow).

On the 2D datasets, the proposed surgery yields substantial calibration gains. For
INbreast, where standard losses often exhibit high instability due to the dataset’s inherent
challenges (foreground size variability, low foreground-to-background differences, limited
sample size), our method improves training, recovering DSC performance up to 74%. We
furthermore observe strong calibration performance of the CE loss, which is rooted in its
optimal calibration characteristics as described in Section 3.1. However, this comes at the
cost of low prediction performance, especially when facing highly imbalanced datasets, such
as INbreast (DSC of 66%). On FIVES, where DSC scores are generally high (88.03%), our
method maintains segmentation accuracy while drastically reducing ECE and MCE.

In the 3D domain, which presents challenges related to volumetric imbalance and la-
bel noise, our approach consistently yields better calibrated models without compromising
segmentation accuracy. While all models achieve comparable DSC on BraTS and KiTS,
our gradient surgery majorly reduces the MCE and NLL compared to the baseline losses.
The Dice++ is notably strong on our 3D datasets; however, it is overall still inferior to the
proposed gradient surgery, particularly regarding NLL and ECE.

4.2. Ablation on exponential decline factor

To investigate the impact of the exponential n contained in the multiplicative terms ((1−
(1 − p)n) and (1 − pn)) we perform an ablation study on the fives dataset with n ∈

9
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Table 3: Ablation study on the exponential parameter n for TunableGradSym on FIVES
dataset (512×512 resolution). All other hyperparameters held constant. Bold
indicates best achieved scores and underline indicates second best results.

Exponential n NLL ↓ ECE ↓ MCE ↓ Brier ↓ DSC (%) ↑

1 0.0565 0.0053 0.0487 0.0143 87.26

2 0.0541 0.0048 0.0494 0.0137 87.62

5 0.0535 0.0046 0.0493 0.0137 87.76

20 0.0528 0.0043 0.0476 0.0136 87.84

40 0.0528 0.0042 0.0452 0.0136 87.84

60 0.0529 0.0042 0.0480 0.0136 87.80

80 0.0531 0.0041 0.0457 0.0137 87.76

100 0.0538 0.0043 0.0474 0.0137 87.77

200 0.0533 0.0040 0.0452 0.0138 87.75

1000 0.0529 0.0043 0.0485 0.0136 87.72

{1, 2, 5, 20, 40, 60, 80, 100, 200, 1000} and other hyperparameters fixed. The experiment shows
that calibration and region overlap performance increase until n = 20 (see Table 3). For
larger n, only minor differences in all metrics are observable, displaying robust performance
across different values for the exponential n, above a certain threshold.

5. Conclusion

In this work, we theoretically analyse the partial derivatives of widespread region-based loss
functions and show their formal connection to network calibration. We identify how the
Dice/Tversky loss is incentivized to produce overconfident predictions and propose gradient
surgery as a simple solution. This ”surgery” combines the benefits of gradients that scale
with error magnitude with robustness to region imbalance. Instead of relying on a scalar
loss, we directly define vector fields at the level of the logits as loss surrogates and prove
how they cannot be formalized as scalar loss functions. While this comes at the expense of
desirable theoretical guarantees due to the non-conservative nature of the vector fields, we
theoretically and empirically demonstrate that our defined vector fields possess favorable
properties for model training. Our method drastically improves calibration metrics across
diverse medical segmentation datasets in 2D and 3D, including metastasis segmentation,
where calibrated outputs provide valuable insights into borders and potential emergence of
metastasis. Future work should focus on two directions: first, deriving theoretical bounds
for the stability of such non-conservative gradient fields; second, exploring the utility of
better-calibrated networks in clinical practice. Ultimately, this approach provides a gen-
eralizable mechanism for training uncertainty-aware segmentation networks, a prerequisite
for trustworthy clinical decision support.
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Appendix A. Proof of the non-existence of a corresponding scalar loss
function

A corresponding scalar function only exists for conservative vector fields. We show that
the vector field F(z) is non-conservative and therefore no corresponding scalar loss function
exists. For F(z) to be conservative, there must exist a potential function L (the desired
Loss function) such that:

∂2L

∂zi∂zk
=

∂2L

∂zk∂zi

With the desired partial derivatives, we have

∂L

∂zi
=

pi ∗ (1− pi)

(yi ∗ pi + (1− yi) ∗ (1− pi))

2yi(P + Y + ε)− (2I + ε)

(P + Y + ε)2
,

and

∂L

∂zk
=

pk ∗ (1− pk)

(yk ∗ pk + (1− yk) ∗ (1− pk))

2yk(P + Y + ε)− (2I + ε)

(P + Y + ε)2
,

with the second-order partial derivatives:

∂2L

∂zk∂zi
=

pi ∗ (1− pi)

(yi ∗ pi + (1− yi) ∗ (1− pi))
·
[

−2yi
(P + Y + ε)2

− 2yk(P + Y + ε)− 2(2I + ε)

(P + Y + ε)3

]
·pk(1−pk)

∂2L

∂zi∂zk
=

pk ∗ (1− pk)

(yk ∗ pk + (1− yk) ∗ (1− pk))
·
[

−2yk
(P + Y + ε)2

− 2yi(P + Y + ε)− 2(2I + ε)

(P + Y + ε)3

]
·pi(1−pi)

taking e.g. yi = yk = 0
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∂2L

∂zk∂zi
= pi

−2(2I + ε)

(P + Y + ε)3
· pk(1− pk)

∂2L

∂zi∂zk
= pk

−2(2I + ε)

(P + Y + ε)3
· pi(1− pi)

∂2L

∂zk∂zi
=

∂2L

∂zi∂zk

only if

1− pk = 1− pi.

This requires pk = pi and is obviously not true for arbitrary pk and pi.

Appendix B. Vector/gradient fields of different loss functions

Figure 4 visualizes the gradient field w.r.t to the logits z for different loss functions, in
addition to our proposed vector field. The fields are depicted in probability space for two
variables p1 and p2 for better visualization, although the vector represents the gradient
derivatives w.r.t. to the logits. For losses influenced by global statistics (all but CE),
we assume an imbalanced example with 2 foreground voxels (y = 1) and 98 background
voxels (y = 0). With assumed probability values of 0.8 for foreground voxels and 0.1 for
background voxels. The displayed gradient/vector fields add 2 additional voxels y1 = 1
and y2 = 2, and show the gradient on their logits for different p1 and p2 values, while the
probabilities/logits for the other 100 voxels stay unchanged.

Appendix C. Implementation details for custom vector fields

In practice, we implement our custom (”gradient”) vector field for the different region-
based losses by overwriting the backward pass of the softmax activation. The forward pass
through the softmax remains unchanged. We keep the partial derivatives of the Loss w.r.t.
the probabilities and exchange the partial derivative of the probabilities w.r.t. the logits
to reflect our desired vector field, e.g., by replacing p ∗ (1− p) with |y − p| and adding the
sharp decline term close to p = 0 and p = 1, (1 − (1 − p)n) and (1 − pn). The actual
implementation is shown in the following listing.

1 class GradSurgeSoftmax(torch.autograd.Function):

2 @staticmethod

3 @custom_fwd(device_type="cuda", cast_inputs=torch.float32)

4 def forward(ctx , logits , targets , exponential_correction=None):

5 probs = torch.softmax(logits , dim=1)

6

7 error = torch.abs(probs - targets)

8

9 if exponential_correction is not None:

10 # Applying the correction term

11 error_weight = 0.25 * error * (1 - torch.pow(error ,

exponential_correction)) * (1 - torch.pow(1 - error ,

exponential_correction))
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Figure 4: Gradient/vector fields w.r.t. logits of different loss functions and our proposed
vector field. For better visualization, the axes are displayed as probabilities p
instead of logits z.
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12 else:

13 error_weight = 0.25 * error

14

15 ctx.save_for_backward(error_weight)

16 return probs

17

18 @staticmethod

19 @custom_bwd(device_type="cuda")

20 def backward(ctx , grad_output):

21 error_weight , = ctx.saved_tensors

22

23 grad_output = grad_output.to(error_weight.dtype)

24

25 # Assuming binary segmentation (background vs foreground)

26 weight = error_weight [:, 1:2]

27 grad_p_bg = grad_output [:, 0:1]

28 grad_p_fg = grad_output [:, 1:2]

29

30 coupling = (grad_p_fg - grad_p_bg)

31

32 grad_logits_bg = -weight * coupling

33 grad_logits_fg = weight * coupling

34

35 return torch.cat([ grad_logits_bg , grad_logits_fg], dim=1), None ,

None , None

Listing 1: Implementation of GradSurgeSoftmax

Appendix D. Experimentation details

Datasets

The INbreast dataset (Moreira et al., 2012) contains 107 images with Masses. We separate
22 (∼ 20% of total) images for the test set. Validation metrics for model selection are
calculated on 17 (= 20% of remaining) of the remaining images. We resize the images to a
resolution of 512x× 512 for model training.

The FIVES dataset (Jin et al., 2022) contains 800 fundus images with vessel annotations.
We rescale images to a resolution of 1024 × 1024, and train on the center and evaluate on
the central patch of 512× 512 voxels. We separate 200 images (= 20% of total) for testing.
Of the remaining data, we use 120 (= 20% of remaining) images as validation set.

The original BraTS Metastasis dataset (Maleki et al., 2025) comprises a retrospective
collection of 1296 pre- and post-treatment brain metastases, labeled in four classes: nonen-
hancing tumor core, FLAIR hyperintensity, enhancing tumor, and resection cavity. Each
sample has four input channels (T1, T1c, T2, FLAIR). We use a random, representative
subset of 156 cases for training, 44 for validation, and 251 for testing. As input we use only
the T1c scan, disregarding the others. The images vary in size, orientation, and spacing.
We preprocess each image in a nnUNet-style fashion (Isensee et al., 2021) with reorienta-
tion to RAS+, resampling to an isotropic spacing of 1mm, and z-score normalization. The
resulting volumes have a median shape of [141 × 175 × 142]. We convert the labels to a
binary format, where enhancing and non-enhancing tumor tissue is foreground and FLAIR
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hyperintensity, resection cavity, and healthy tissue is background. The lesions account for
0.17% of the total voxels with a standard deviation of 0.29% per sample. During training,
we extract a random patch of size [80× 96× 80] with a foreground oversample ratio of 0.33.

The KiTS dataset (Heller et al., 2019) comprises 489 abdominal CT scans where kid-
neys, renal tumors, and renal cysts are labeled. The images vary in size, orientation, and
spacing. We preprocess each image in a nnUNet-style fashion (Isensee et al., 2021) with
reorientation to RAS+, resampling to an isotropic spacing of 1.5mm, and intensity-clipping
to the [0.5, 99.5] percentiles (i.e., [−58, 302] HU) followed by z-score normalization. We
extract ROIs of varying sizes with a median of [218× 130× 160] around both kidneys. We
convert the labels to a binary format, where the tumors are foreground and the kidneys,
cysts, and the rest are background. The tumors account for 0.68% of the total voxels with a
standard deviation of 1.18% per sample. We stratify the complete dataset into 192 training,
50 validation, and 247 test sets, which are balanced in terms of size and number of tumors.
During training, we extract 8 random patches per sample, with a foreground oversample
ratio of 0.45 and a fixed size of [96× 96× 80] for each patch.

Loss hyperparameters

For the Tversky loss, we set the α parameter (β = 1−α) as a hyperparameter. For Combo
loss (Taghanaki et al., 2019), we fix the weighting to 0.5 (Isensee et al., 2021). For Dice++,
we set the γ parameter to 2 (Yeung et al., 2023). Finally, for the mL1-ACE loss, we use
equal weighting with Dice loss and use 20 bins to discretize the probability space (Barfoot
et al., 2024).

Model and Training Procedure

Our 3D experiments utilize a full-resolution 3D UNet with residual units, following a pipeline
heavily influenced by nnUNet (Isensee et al., 2021), particularly in terms of network size,
learning rate schedule, iterations, augmentations, and optimizer. We use SGD optimizer
with Nesterov momentum as optimizer. In our hyperparameter optimization, we further
optimize for weight decay, initial learning rate, and momentum. At test time, we do slid-
ing window inference on the complete volume with an overlap ratio of 0.5 and Gaussian
weighting.

Training curves stability

Appendix E. Dice++ gradient

The Dice ++ loss

DSC ++ = 1−
2
∑N

i=1 piyi + ϵ

2
∑N

i=1 piyi +
∑N

i=1(pi(1− yi))γ +
∑N

i=1((1− pi)yi)γ + ϵ

was proposed to resolve the calibration issues of the dice loss by introducing a focus γ
on false positives and false negatives.

∂LDSC++

∂pfgi
=

−2[γ(1− pi)
γ−1I + FP γ + FNγ ]

(2I + 2pi + (1− pi)γ + FP γ
−i + FNγ

−i)
2
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Training soft dice / dice loss

Dice Loss + SGD Dice Loss + Adam Dice Loss - Surgery + SGD Dice Loss - Surgery + Adam 

Validation dice score

Validation NLL Validation NLL

Figure 5: Training curves with SGD+Nesterov Momentum and Adam optimizers for a dice
loss training and a model with the same hyperparameters trained with our dice
surgery training.objective

∂LDSC++

∂pbgi
=

2γpγ−1
i 2I

(2I + pγi + FP γ
−i + FNγ

−i)
2

Exactly, for γ = 2, the partial derivative of the Dice++ loss w.r.t. the probabilities depends
linearly on the error as for MSE loss on the probabilities (∂LDSC++/∂pfbi = 2pi) while the
global term for y = 0 and y = 1 is the most similar to the original dice loss at γ = 2
compared to higher γ’s. Which we identify as the reason for the optimal performance in
terms of Dice and calibration metrics for γ = 2.

Besides this desired property, the γ parameter introduces a vast downscaling of the gradi-
ent for samples with large proportions of false positives and false negatives. This can be
problematic for cases where (1) the foreground regions have drastically different sizes and,
in connection to that, drastically different values for false positives and false negatives, and
(2) for cases where learning from ”hard” examples characterized through high false positive
and false negative rates is crucial. On the contrary, previous works also showed that in some
cases, focus on easy examples can be beneficial for segmentation performance (Abraham
and Khan, 2019).

Appendix F. Partial derivative function visualization
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Figure 6: Visualization of the normalized partial derivatives derived from different loss func-
tions.

Appendix G. Qualitative examples
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Probability Maps

Dice Loss

Ours (+Dice)

Figure 7: Comparison of the probability maps for two samples from a Dice loss trained
model and our adapted Dice vector field approach. The overconfidence phe-
nomenon on the Dice probabilities is apparent, with probabilities almost appear-
ing binarized. In comparison, our method has probabilities other than 0 and 1,
which often reflect plausible vascular courses (e.g., purple ellipses) that are miss-
ing in the probability maps of the Dice loss-trained model.
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