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Abstract

Deep neural networks, despite their high accuracy, often exhibit poor confidence calibration,
limiting their reliability in high-stakes applications. Current ad-hoc confidence calibration
methods attempt to fix this during training but face a fundamental trade-off: two-phase
training methods achieve strong classification performance at the cost of training instability
and poorer confidence calibration, while single-loss methods are stable but underperform
in classification. This paper addresses and mitigates this stability-performance trade-off.
We propose Socrates Loss, a novel, unified loss function that explicitly leverages uncer-
tainty by incorporating an auxiliary unknown class, whose predictions directly influence
the loss function and a dynamic uncertainty penalty. This unified objective allows the
model to be optimized for both classification and confidence calibration simultaneously,
without the instability of complex, scheduled losses. We provide theoretical guarantees that
our method regularizes the model to prevent miscalibration and overfitting. Across four
benchmark datasets and multiple architectures, our comprehensive experiments demonstrate
that Socrates Loss consistently improves training stability while achieving more favorable
accuracy-calibration trade-off, often converging faster than existing methods.

1 Introduction

Deep neural networks (DNNs) have achieved remarkable performance across diverse domains, yet their de-
ployment in high-stakes applications remains constrained by their ability to reliably operate in real-world
conditions. Critical applications, such as medical diagnosis (Gireesh & Gurupur, 2023), nuclear security (Ay-
odeji et al., 2022), and biosecurity (McEwen et al., 2021), require models that provide both accurate, reliable,
and trustworthy predictions. One important aspect of a reliable model is its ability to effectively represent
its own uncertainty. To achieve this, a model needs to be calibrated, i.e., its predictive confidence matches
the true likelihood of correctness (Guo et al., 2017).

In classification settings, confidence scores from softmax layers commonly serve as a proxy for uncertainty
(Abdar et al., 2021), where, ideally, predictions made with 90% confidence should be correct 90% of the
time. However, while modern DNNs are widely known to suffer from systematic overconfidence (i.e., higher
confidence than the actual accuracy) (Guo et al., 2017), recent evidence shows that they may also be
underconfident or exhibit mixed calibration patterns depending on architectural choices (Minderer et al.,
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2021). As we also demonstrate in this work, modifying the loss function alone can produce underconfident
or mixed-calibration models. This gap between predicted confidence and actual accuracy undermines the
reliability needed for high-stakes applications.

Research in confidence calibration has emerged to address this challenge by both quantifying miscalibration
and developing methods to improve the alignment between predictive confidence and accuracy. Current
alignment methods broadly fall into two categories: post-hoc methods (Fisch et al., 2022; Galil et al., 2023;
Moon et al., 2020; Naeini et al., 2015; Platt, 2000; Kull et al., 2019; Zadrozny & Elkan, 2001; 2002) that adjust
confidences after training without modifying model parameters, and ad-hoc methods (Hendrycks et al., 2020;
Lakshminarayanan et al., 2017; Lin et al., 2020; Mukhoti et al., 2020; Müller et al., 2019; Pereyra et al.,
2017; Thulasidasan et al., 2019) that integrate calibration during training.

While post-hoc methods offer simplicity and speed, they face significant limitations, including hyperparam-
eter tuning and additional data, which is problematic when data is scarce (Bohdal et al., 2023; Kim & Yun,
2022; Wang et al., 2021). We identify a critical logical gap: Many widely used pre-trained models are opti-
mized for accuracy and are not well-calibrated, often lacking available data for post-hoc calibration, limiting
their reliability in downstream tasks. Furthermore, post-hoc methods are fundamentally incompatible with
knowledge-transfer paradigms such as transfer learning, where calibrated representations must be embedded
within the model weights themselves (You et al., 2020). The impact of performing transfer learning with
calibrated versus uncalibrated pre-trained models remains unexplored.

In contrast, ad-hoc methods integrate calibration into the training, creating their own challenges (Le Coz
et al., 2024), such as longer development times and a trade-off in accuracy to achieve better calibration.
Current methods typically act as regularizers using data augmentation (Hendrycks et al., 2020; Thulasidasan
et al., 2019), adapted loss functions (Lin et al., 2020; Mukhoti et al., 2020; Müller et al., 2019; Pereyra et al.,
2017), or modifying the model architecture (Lakshminarayanan et al., 2017).

Through empirical evaluation, we identify that existing ad-hoc confidence calibration methods face a funda-
mental trade-off: methods that combine losses in a two-phase training achieve strong classification perfor-
mance but suffer from training instability and worse calibration, while single-loss methods train stably and
achieve strong calibration performance but at the cost of lower classification performance. Reliability dia-
grams show that final models in both cases are underconfident or overconfident, with calibration fluctuating
across epochs and dependent on dataset and architecture. These insights motivate our research question:
Can we design an ad-hoc calibration method based on a single, easily implementable, loss function that trains
a single model while promoting training stability and maintaining calibration and classification performance
across diverse datasets and architectures?

In exploring the connection between ad-hoc confidence calibration and ad-hoc selective classification due to
their regularization nature (Galil et al., 2023), we analyze Self-Adaptive Training (SAT) (Huang et al., 2020)
and uncover a relationship between the average confidence assigned to the unknown class and confidence
calibration. While correlation does not imply causation, this observation led us to extend our research
question: Does explicit uncertainty modeling through an unknown class mitigate training instability while
maintaining calibration and classification performance?

To this end, our contributions are threefold:

• We propose Socrates Loss1, a novel ad-hoc and easy-to-implement confidence calibration method
that mitigates the training stability-performance trade-off by unifying classification and confidence
calibration objectives through explicit uncertainty modeling via an unknown class. By incorporating
predictions for this class into the loss function via a dynamic uncertainty penalty, Socrates Loss
penalizes the model for failing to recognize its own uncertainty. The loss further emphasizes hard-
to-classify instances and leverages previous predictions to adaptively promote training convergence
and stability.

1Socrates Loss was named after the philosopher Socrates and his famous quote I know that I know nothing.
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ˆ We provide theoretical guarantees showing that Socrates Loss regularizes the weights of the net-
work and acts as a regularized upper bound on the Kullback-Leibler divergence, thereby preventing
over�tting and miscalibration while maintaining training stability.

ˆ We demonstrate empirically that Socrates Loss improves con�dence calibration performance, achiev-
ing a better training stability and accuracy�calibration trade-o� across multiple benchmarks, archi-
tectures, and transfer learning scenarios, without compromising accuracy.

2 Background and Related Work

The level of con�dence calibration can be assessed both visually and quantitatively (for formal de�ni-
tions and extended discussion see Appendix B). A widely used visualization method is the reliability di-
agram (Niculescu-Mizil & Caruana, 2005), which plots the expected sample accuracy as a function of predic-
tion con�dence at a given training epoch, following several binning strategies (Filho et al., 2023; Guo et al.,
2017; Nguyen & O'Connor, 2015). We adopt the approach in Guo et al. (2017), which groups con�dences
into M interval bins of size 1=M . While reliability diagrams o�er visual insights, evaluating con�dence
calibration only at the �nal epoch is insu�cient, particularly for ad-hoc con�dence calibration methods that
in�uence training dynamics. Following Lin et al. (2020), we argue that ad-hoc con�dence calibration should
be assessed across training epochs. To jointly analyze classi�cation and con�dence calibration across epochs,
we suggest the use of Pareto plots, providing a more holistic visualization of the performance trade-o�.

Quantitatively, the most common metric is the Expected Calibration Error (ECE) (Naeini et al., 2015),
which measures the average bin-wise discrepancy between con�dence and accuracy. To account for potential
binning biases and to evaluate calibration at a more granular level, researchers have proposed variants such
as AdaptiveECE (AdaECE), which ensures an equal number of samples per bin, and Classwise-ECE (CW-
ECE), which extends the ECE calculation across all classes (Mukhoti et al., 2020). While these metrics
provide the necessary tools to evaluate calibration, they are not su�cient to evaluate general performance.
As noted by Zhang et al. (2023), a well-calibrated model may be a poor discriminator, and vice versa.
Therefore, calibration metrics should be interpreted alongside accuracy to evaluate model performance.

The current literature lacks a precise criterion for determining whether a model is ECE con�dence-calibrated,
as it depends on the risk tolerance of the use case. We de�ne a model acceptably calibrated for less critical
tasks below 10%, well-calibrated as close to 0%, and perfect calibration when is 0%.

A common approach to address miscalibration is through post-hoc methods, which adjust the outputs
of a pre-trained model without altering its learned parameters. Prominent multi-class examples include
Temperature Scaling (TS) (Guo et al., 2017), which recalibrates logits using a single learned parameter;
and Matrix Scaling and Vector Scaling (Guo et al., 2017), variants of the well-known binary method Platt
Scaling (Platt, 2000). While simple and computationally e�cient, post-hoc methods have fundamental
limitations, such as con�dence degradation in correct predictions (Bohdal et al., 2023), limited e�cacy in
some settings (Wang et al., 2021; Kim & Yun, 2022), need an additional labeled validation set for tuning
calibration hyperparameters, and not applicable before knowledge transfer. For applications like transfer
learning, if we want to initiate from a calibrated model (as in You et al. (2020)), calibrated representations
must be embedded within the model weights themselves, a requirement that post-hoc methods cannot ful�ll.

To overcome these issues, ad-hoc methods integrate calibration directly into the training process. One
path to calibrate is through the loss function. The core challenge for these methods lies in modifying the
training objective to promote calibration without sacri�cing accuracy. Current methods generally fall into
two categories: single-loss methods that modify the primary loss function, such as Focal Loss (Lin et al.,
2020), Adaptive Sample-Dependent Focal Loss (FLSD) (Ghosh et al., 2022), Meta-Calibration (MC) (Bohdal
et al., 2023), or Brier Loss (Mukhoti et al., 2020), and methods that combine losses or use complex training
schedules, such as Con�dence-aware Contrastive Learning for Selective Classi�cation (CCL-SC) (Wu et al.,
2024). However, this has led to a critical trade-o�: single-loss methods tend to be stable but often provide
limited classi�cation improvement, while methods that combine losses in a two-phase training can achieve
stronger classi�cation performance but frequently su�er from implementation complexity, training instability,
and poorer con�dence calibration, a �nding that our experiments corroborate. Another path to calibrate is
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changing the architecture. Among the most widely adopted methods is Deep Ensembles (Lakshminarayanan
et al., 2017), which demonstrates strong calibration performance but is computationally expensive and prone
to increased over�tting (Shashkov et al., 2023).

A related line of work in Selective Classi�cation o�ers a compelling mechanism for explicitly modeling
model uncertainty. These methods allow it to abstain when it is uncertain. This is often achieved by
introducing an additional unknown or abstention class into the model's output layer, as seen in methods
like DeepGamblers (Liu et al., 2019) and Self-Adaptive Training (SAT) (Huang et al., 2020). While these
two methods have proven e�ective for selective classi�cation and preventing over�tting, their potential to
resolve the ad-hoc calibration trade-o� has been underexplored. The use of an unknown class has not yet
been leveraged to create a uni�ed and stable optimization objective for con�dence calibration.

3 Socrates Loss: A Uni�ed Con�dence Calibration and Classi�cation Loss

In the pursuit of reliable models, we propose an ad-hoc method to train con�dence-calibrated classi�ers.
To explicitly model uncertainty, we reframe the standard multiclass classi�cation with c classes as a(c + 1)
classi�cation problem, introducing an additional unknown class, denoted asidk for mathematical conve-
nience. This allows the model to learn not only what it knows, but also to signal what it does not know.
Our method uses information from the ground truth class, while leveraging also information from: 1) an
additional unknown class, 2) hard-to-classify instances, and 3) predictions from previous and current epochs.
To achieve this, we introduce a novel, easy-to-implement, loss function calledSocrates Loss, which maintains
a uni�ed optimization objective for both classi�cation and con�dence calibration.

3.1 Formulation

Let X be the input space, Y the output space de�ned by c + 1 classes. A classi�erf (�)c+1 : X �! Y is
optimized by minimizing the Socrates Loss, de�ned as:

L Socrates (f ) = �
1
n
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where p̂i;y i ;e and p̂i;idk;e are the predicted probabilities that the i-th instance is associated with the ground
truth class yi , and the unknown classidk , respectively; �yi is any class other than the ground truth class,n is
the number of instances,e is the current epoch,e � 1 is the previous epoch, andEs is the number of initial
epochs before incorporating previous and current predictions to adjust the adaptive target. In the search
for end-to-end models, we setEs = 0 , where e = 0 is the �rst epoch.

The loss has two hyperparameters:
 and � . Inspired by Focal Loss,
 is a modularity factor within the focal
term, that controls the down-weighting of easy instances, i.e., a higher factor gives more weight to di�cult
instances. Meanwhile,� , inspired by SAT, is a momentum factor that adjusts the current target by balancing
the in�uence of previous and current probability predictions, promoting dynamic training convergence and
reducing prediction instability.
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Figure 1: Evolution of sub-components of the Socrates Loss, the dynamic uncertainty penalty (orange
curve) and adaptive target (blue curve), alongside the Expected Calibration Error (red curve) and error rate
(1 � accuracy, black curve) across epochs on CIFAR-100 with VGG-16. Results are averaged over �ve runs.

The remaining parameter of the loss is the dynamic uncertainty penalty� , which is not a hyperparameter
since it changes dynamically depending on the model's probability predictions.� penalizes the model for
failing to recognize its own uncertainty, i.e., when any probability not associated with the ground truth
class exceeds the probability associated with the unknown class. We exclude the ground truth class when
computing � to focus the penalty on cases where the model fails to recognize uncertainty. Including it could
penalize the model unfairly, while not re�ecting its true uncertainty awareness (motivation in Appendix D).
We consider this parameter as a standalone component for calibration; further discussion can be found in
Section 4 (Experiments and Results).

The pseudocode and a mathematical example are provided in Appendix C and Appendix D, respectively.

3.2 Intuition

If any probability, excluding the one associated with the ground truth class, exceeds the one associated with
the unknown class, it indicates the model is more con�dent in an alternative class than in recognizing its own
uncertainty. In this case, the dynamic uncertainty penalty assigns importance to the unknown component
of the equation. By recognizing its own uncertainty, we mean that if the probability of the ground truth
class is not the highest, the highest should be that of the unknown class; conversely, if the ground truth class
probability is the highest, the unknown class should have the second-highest probability. This mechanism
encourages the model to become more con�dent in recognizing its own uncertainty. In practice, the dynamic
uncertainty penalty is higher in the early epochs of training, gradually decreasing thereafter (Fig. 1a and
Fig. 1b, top). If the model successfully recognizes its own uncertainty, (� = 0 ), the unknown component
is omitted, resembling a variant of Focal loss, in�uenced by the additional unknown class and the adaptive
target, that accentuates the impact of hard-to-classify instances.

The adaptive target plays a role in both components by balancing the ground truth target with previous
and current predictions, which adaptively helps to converge and stabilize the training. The tuning of the
momentum factor (� ) impacts this balance (Appendix G). For instance, when� = 1 (Fig. 1d), the unknown
component is also omitted, resulting in a variant in�uenced by the unknown class that also resembles Focal
Loss. The momentum factor must be tuned to control the emphasis on the unknown component andidk
predictions (Fig. 1b vs Fig. 1c vs Fig. 1d).

Depending on the dataset and architecture, the tuning process (Appendix G) must adjust the emphasis on
hard-to-classify instances through the modularity factor (Fig. 1a vs Fig. 1b). The focal term controls the
dominance of easy-to-classify instances by down-weighting their contribution to the loss, thereby shifting
the e�ective gradient focus toward hard-to-classify instances. In the absence of this term, easy-to-classify
instances contribute to the loss and gradient even at high con�dence levels, increasing ground truth logits
and in�ating classi�cation margins, i.e., increasing the separation between the ground truth con�dence and
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competing class con�dences. While this margin in�ation may improve accuracy, it induces overcon�dent
predictions, as there is no mechanism to regulate logit growth once high con�dence is reached, widening
the accuracy�calibration gap. By reducing the in�uence of easy instances, the focal term stabilizes margin
growth and implicitly constrains logit scaling, encouraging predicted con�dence to better align with instance
di�culty.

The additional unknown class acts as an explicit uncertainty mechanism. As detailed in Appendix H, the
average con�dence for both the ground truth and unknown classes increases over training epochs, with the
latter increase due to the dynamic uncertainty penalty, which penalizes the model for failing to recognize its
own uncertainty. Correct predictions correspond to higher ground truth con�dence, whereas the unknown
class exhibits higher con�dence when the model fails. Moreover, the frequency of top-1 predictions for the
unknown class gradually increases over epochs, demonstrating its dual role as an uncertainty mechanism and
as a contributor to regularization.

Overall, the dynamic uncertainty penalty enables the model to recognize its own uncertainty, the adaptive
target dynamically promotes convergence and stabilizes training, the focal term adjusts the emphasis on
hard-to-classify instances, and the unknown class acts as an uncertainty mechanism. Fig. 1b illustrates a
well-calibrated classi�er that achieves competitive accuracy.

3.3 Theoretical Analysis

In this section, we establish the theoretical foundations of the proposed Socrates method, focusing on two
key aspects: its role as a weight regularizer and its formulation as a regularized upper bound on the Kull-
back�Leibler divergence. These properties explain how Socrates Loss mitigates over�tting, improves calibra-
tion, and enhances stability and generalization.

3.3.1 Socrates Loss Regularizes the Weights of the Network.

Guo et al. (2017) and Lin et al. (2020) proved there is a relationship between miscalibration and over�tting
(but not the opposite). This occurs when the loss function attempts to further reduce its value even after
perfect high con�dence has been achieved. Lin et al. (2020) demonstrated that, under the cross-entropy
loss (CE), DNNs tend to progressively increase their con�dence in incorrect predictions for misclassi�ed
instances. In contrast, Socrates Loss introduces a regularization e�ect by dynamically increasing the penalty
on the unknown class in the presence of over�tting. Furthermore, the norms of the weights,w, are higher
at the beginning of the training compared to those trained with CE. It is when the model starts being
miscalibrated that there is a change in the ordering of the weight norms, due to a big increase in the weight
norm of the models with CE. This behaviour shows that Socrates Loss acts as a regularizer when the model
is su�ciently con�dent, avoiding miscalibration and over�tting.

Formally , let L CE (f ) be CE loss, andL Soc(f ) be Socrates Loss. The gradients of the neural network trained
with L Soc(f ) are smaller than the ones trained with L CE (f ) when a perfect con�dence is reached and the
model could start over�tting and become miscalibrated, i.e.,

jj
@L Soc(f )

@w
jj � jj

@L CE (f )
@w

jj : (4)

The proof can be found in Appendix E.1.

3.3.2 Socrates Loss Forms a Regularized Upper Bound on the Kullback-Leibler Divergence.

It is well-known that cross-entropy loss (CE) minimizes (provides an upper bound for) the Kullback-
Leibler (KL) divergence between the predicted distribution p̂ and the target distribution q over classes,
i.e., L CE (f ) � KL (qjj p̂). KL divergence quanti�es the information di�erence between two distributions. In
our case, Socrates Loss minimizes KL divergence while regularizing by increasing the entropy of the pre-
dicted distribution and leveraging the predictions associated with the unknown class. The regularization
parameters are
; � , and 4 reg ; where 4 reg = (1 � ty )[
 p̂y log p̂idk � log p̂idk ]. Therefore:

L Soc(f ) � KL (qjj p̂) � 
 H[p̂] + � 4 reg : (5)
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4 reg is considered a regularization term, as it is derived from a di�erent distribution, the unknown dis-
tribution, rather than the ground truth distribution; and H[p̂] is the entropy of the predicted distribution.
Therefore, this regularized entropy increase, along with the regularization applied through the prediction
associated with the unknown class, prevents the model from becoming overcon�dent (Pereyra et al., 2017).
Then, substituting the CE with Socrates Loss incorporates a maximum-entropy regularizer to the KL min-
imization objective. As demonstrated by Lin et al. (2020), higher entropy can prevent overcon�dent pre-
dictions, improving model calibration. Therefore, Socrates Loss forms a regularized upper bound on the
KL divergence, avoiding overcon�dent predictions and improving calibration. The proof can be found in
Appendix E.2.

4 Experiments and Results

To validate our proposed method, we conduct a comprehensive set of experiments designed to assess training
stability, calibration performance, and overall e�ectiveness against existing methods. We extended the pub-
licly available SAT implementation (Huang et al., 2020) to create a uni�ed framework2 for hyperparameter
exploration, training, and evaluation. Additional model reproducibility details can be found in Appendix F.

4.1 Experiment Settings

In this section, we describe the datasets and architectures used to validate our method, the baselines methods
for comparison, the hyperparameter selection process, implementation details, and the evaluation protocol.

4.1.1 Datasets and Architectures

We evaluate all methods on four benchmark datasets of varying complexity: Street View House Num-
ber (SVHN) (Netzer et al., 2011), CIFAR-10/CIFAR-100 (Krizhevsky, 2009), and the large-scale Food-
101 (Bossard et al., 2014). These datasets range from simple classi�cation tasks (CIFAR-10) to more
challenging real-world scenarios (Food-101), allowing us to test the robustness to task, generalization, and
reliability of each method. Although improvements may be less pronounced with the SVHN and CIFAR-10
toy datasets, the limitations of the methods could become noticeable. When advanced methods are applied
to these datasets, they often introduce unnecessary complexity, highlighting their ine�ciency or over�tting
tendencies. In line with prior research, we use VGG-16 (Simonyan & Zisserman, 2015) for SVHN and CIFAR-
10, and ResNet-34 (He et al., 2015) for Food-101. To assess architectural invariance, we test on CIFAR-100
with three distinct architectures: VGG-16, ResNet-110 (He et al., 2015), and ViT (Dosovitskiy et al., 2021).
Since CIFAR-100 lacks su�cient data to train a ViT e�ectively (Dosovitskiy et al., 2021), we also evaluate
CIFAR-100 using a �ne-tuned ViT trained through Transfer Learning by replacing the classi�cation head,
with no layers frozen during �ne-tuning. The initial ViT is a ViT model pre-trained on ImageNet-21K and
�ne-tuned on Imagenet2012 (vit-base-patch16-224, Hugging Face Transformers library (Wolf et al., 2020)).

4.1.2 Baselines

We compare our single-loss ad-hoc Socrates Loss method with: the post-hoc methods Temperature Scaling
(TS) (Guo et al., 2017), Matrix and Vector Scaling (MS and VS) (Guo et al., 2017); single-loss ad-hoc methods
including cross-entropy Loss (CE), Brier Loss (Mukhoti et al., 2020), Focal Loss (Lin et al., 2020), Adaptive
Sample-Dependent Focal Loss (FLSD) (Ghosh et al., 2022), Meta-Calibration (MC) (Bohdal et al., 2023);
and methods that combine losses in a two-phase training, such as Con�dence-aware Contrastive Learning
for Selective Classi�cation (CCL-SC) (Wu et al., 2024) and Self-Adaptive Training (SAT) (Huang et al.,
2020). Although SAT was originally proposed as a regularizer to prevent over�tting, its mechanism of using
an auxiliary unknown class and an adaptive loss makes it a relevant, albeit unexplored, baseline for ad-hoc
calibration.

2The code is publicly available at https://github.com/sandruskyi/SocratesLoss
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4.1.3 Hyperparameters and Implementation

We tuned the hyperparameters using the full training and validation sets. For Food-101, the training set was
randomly split 80/20. For Socrates, we tested
 2 f 1; 2; 3; 4g and � 2 f 0:8; 0:9; 0:99; 0:999g. For the other
baselines, we used the hyperparameter values from the original studies. In the absence of such details, we
applied the same hyperparameter search, using the ranges provided by the authors. All models were trained
for 300 epochs, except for the transferred ViT model, which was �ne-tuned for 50 epochs. Results were
averaged over �ve runs (with random seeds 1-5). Full implementation details and hyperparameter settings
are provided in Appendix F.

4.1.4 Evaluation Protocol

We assess performance using classi�cation accuracy and its error rate(1 � accuracy), and standard calibra-
tion metrics: ECE, AdaECE, and CW-ECE (see Appendix B). However, these metrics can be misleading in
isolation, as a model may be well-calibrated but inaccurate and vice versa (Zhang et al., 2023). While com-
bined metrics like the Brier score exist, they are often dominated by the accuracy term (Hernández-Orallo
et al., 2012). Designing a single metric combining calibration and classi�cation performance remains chal-
lenging and represents an open gap. Therefore, to facilitate a more balanced comparison beyond quantitative
analysis, we visually assess model performance using Pareto plots, reliability diagrams, learning curves, and
metric trends over epochs. We track all metrics, including accuracy, calibration measures, and loss trends,
throughout all the training epochs to evaluate stability and convergence dynamics. We select the best model
using Pareto plots (error rate versus ECE), resolving ties (i.e., when two models share the same Pareto
position) with Classwise-ECE.

4.2 Comparative Performance Analysis

We now present the core �ndings of our experiments, analyzing Socrates method against well-established
methods. We focus on four key aspects: training stability, the dynamic accuracy-calibration trade-o� during
training, transfer learning, and the last-epoch performance at convergence.

Robust Convergence and Training Stability. Models trained using Socrates, Focal, FLSD, CE, and
Brier methods successfully converged across all datasets and architectures. In contrast, models using SAT on
Food-101, and CCL-SC and MC on SVHN (which highlights the dataset challenges) converged prematurely
with low accuracy (see Table 1 and Table 2 for test performance and Appendix I Table 9 for validation
performance). These issues persisted despite hyperparameter tuning within the recommended ranges and
were not raised/addressed in the original studies.

Loss trends (Fig. 2) of the single-loss ad-hoc methods (Socrates, Focal, FLSD, CE, Brier, and MC) consis-
tently reduce the training and validation losses, except for the Food-101 dataset, where Focal and FLSD
exhibit an increase in training and validation losses during the �nal epochs. Furthermore, MC, FLSD and
Focal illustrate a nearly �at loss trend (under�tting) for SVHN on VGG-16. These single-loss methods do
not show signs of over�tting, suggesting good generalization and potential for calibration. In contrast, SAT
and CCL-SC exhibit spikes at the epoch ofcombining losses across all datasets-architectures, as well as
over�tting for CIFAR-10 on VGG-16 and CIFAR-100 on ViT when training with SAT. These spikes may
contribute to training instability, and these �uctuations coincide with ECE instability observed in both
methods (Fig. 3).

For CCL-SC on CIFAR-10, SVHN, and CIFAR-100 using VGG-16, the training loss is higher than the
validation loss. This behavior can be expected, as the loss function introduces additional regularization
terms active only during training. These terms increase the training loss but improve generalization, which
can result in a lower validation loss.

Dynamic Accuracy-Calibration Trade-o�. Beyond training stability, an e�ective method must si-
multaneously improve accuracy and calibration throughout the training process. Figure 3 illustrates this
dynamic trade-o� by plotting the error rate against ECE over training epochs, where progress towards the
bottom-left corner indicates better performance. Models trained with Socrates method consistently follow
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