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Abstract

Minimizing inconsistencies across successive versions of an
Al system is as crucial as reducing the overall error. In image
classification, such inconsistencies manifest as negative flips,
where an updated model misclassifies test samples that were
previously classified correctly. This issue becomes increas-
ingly pronounced as the number of training classes grows
over time, since adding new categories reduces the margin
of each class and may introduce conflicting patterns that
undermine their learning process, thereby degrading perfor-
mance on the original subset. To mitigate negative flips, we
propose a novel approach that preserves the margins of the
original model while learning an improved one. Our method
encourages a larger relative margin between the previously
learned and newly introduced classes by introducing an ex-
plicit margin-calibration term on the logits. However, overly
constraining the logit margin for the new classes can signif-
icantly degrade their accuracy compared to a new indepen-
dently trained model. To address this, we integrate a double-
source focal distillation loss with the previous model and a
new independently trained model, learning an appropriate de-
cision margin from both old and new data, even under a logit
margin calibration. Extensive experiments on image classi-
fication benchmarks demonstrate that our approach consis-
tently reduces the negative flip rate with high overall accu-
racy.

Code — https://github.com/miccunifi/negative_flip_ MPT

Introduction

Recent advances in machine learning have required the fre-
quent deployment of updated models in production systems
(Raffel 2023; Yadav et al. 2025). These updates often intro-
duce new models that leverage more expressive network ar-
chitectures (Touvron et al. 2023), novel training techniques
or paradigms (Biondi et al. 2024; Echterhoff et al. 2024;
Shen et al. 2020; Zhou et al. 2023), and additional data
(Gunasekar et al. 2023). However, replacing an existing
model requires balancing the potential reduction in over-
all error rates against the risk of introducing new errors
that can disrupt downstream processes (Milani Fard et al.
2016; Yan et al. 2021) or lead to unexpected system behav-
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Figure 1: Illustration of possible two prediction changes fol-
lowing a model update. Each row shows the predictions of
the old model (left) and the new model (right) for a given im-
age, showing two possible cases: (1) a Positive Flip, where
the old model was wrong and the new model is correct—
the desirable outcome after a model update; (2) a Negative
Flip, where the old model was correct but the new model is
wrong, which can lead to unexpected system behaviors. In
this paper, we focus on reducing Negative Flips in a classifi-
cation task.

iors for human users (Bansal et al. 2019). This regression'
phenomenon, observed in both visual and natural language
tasks (Yan et al. 2021; Abdul Samadh et al. 2024), arises
from the occurrence of negative flips—instances that are cor-
rectly classified by the old model but misclassified by the
new one (see Figure 1).

Negative flips in classification tasks are most likely to oc-
cur when the number of classes increases to accommodate
new categories (Yan et al. 2021; Zhao et al. 2024; Zhang
etal. 2021). From a margin-based perspective, increasing the
number of classes at each model update reduces the margin
between adjacent classes, due to class means pushing them-

"The term regression—from the software industry—denotes a
decline in system performance following an update. Although an
updated model may demonstrate improved average performance,
any instances of regression can potentially disrupt downstream
post-processing workflows.



selves to arrange in a way that maximizes the minimum one-
vs-rest margin (Jiang et al. 2024a; Papyan, Han, and Donoho
2020; Yaras et al. 2022; Tirer, Huang, and Niles-Weed 2023;
Pernici et al. 2019, 2021). In addition to the reduction im-
posed by the optimization process and geometric constraints
(Jiang et al. 2024a), when new categories are introduced,
the decision margins are subject to further challenges arising
from negative transfer (Li, Nguyen, and Zhang 2023; Zhang
et al. 2022). As the model learns to encode features that dis-
criminate among an expanded set of classes, the incorpora-
tion of additional categories may lead to the emergence of
interfering features, thereby adversely impacting the perfor-
mance on previously acquired tasks or classes (Tirer, Huang,
and Niles-Weed 2023; Liu et al. 2021; Torralba, Murphy,
and Freeman 2007). In extreme cases, negative flips involve
not only ambiguous samples near the decision boundaries
but also high-confidence samples influenced, for example,
by spurious correlations (Wang et al. 2021).

Despite these challenges, most existing approaches for re-
ducing negative flips (Yan et al. 2021; Zhao et al. 2024;
Zhang et al. 2021) overlook a key factor: the progressive
reduction of class margins as new categories are added.
Smaller margins make the model more susceptible to neg-
ative flips, since even confident, previously correct predic-
tions can become incorrect due to slight shifts in decision
boundaries. Therefore, preserving or restoring these mar-
gins is critical for maintaining consistent performance across
model updates—especially for previously learned classes.
This observation motivates us to focus on margin preserva-
tion as a central component of our approach. To this end,
we preserve the logit decision margins? associated with pre-
viously learned classes, thereby addressing the challenge
of negative flips when new classes are incrementally intro-
duced. Specifically, we introduce a positive logit bias for the
new classes as a margin-calibration term within the softmax
cross-entropy loss, thereby modifying the optimization pro-
cess such that the decision margins are biased towards the
previously learned classes. Although this adjustment effec-
tively reduces negative flips for previously learned classes, it
may also result in underfitting of the newly introduced ones,
as the model is encouraged to learn a smaller margin for
them. To overcome this limitation and ensure appropriate
margin learning for both previously learned and newly intro-
duced classes, we propose a double-source focal distillation
strategy. We distill knowledge corresponding to the correct
predictions on the newly introduced categories from a model
independently trained on the complete set of classes, while
at the same time leveraging the previous model to preserve
its correct behavior on the original categories.

Our main contributions are as follows:

e We present a novel approach, called Margin Preserving
Training, to address the reduction of negative flips by fo-
cusing on the preservation of decision margins for previ-

2The logit decision margin is the difference between the logit of
the ground-truth class and the largest logit among all other classes.
Following Pleiss et al. (2020) notation, the logit margin for an input
sample of class y is defined as (z, y) = z, — max;, z;, where
z denotes the logit vector from the final (pre-softmax) layer.
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ously learned classes.

* We propose a double-source focal distillation strategy to
mitigate the negative impact of the margin-calibration
term introduced in the training loss on newly added
classes, thereby ensuring balanced and robust classifica-
tion performance for both new and old categories.

* We conduct extensive experiments on image classifica-
tion benchmarks, demonstrating that our method consis-
tently reduces negative flips while maintaining or im-
proving overall accuracy on the CIFAR100 and Ima-
geNetl1K datasets.

Related Works

Negative Flips Reduction. Negative flips, formalized by
(Yan et al. 2021) expanding upon earlier notions of predic-
tive churn (Milani Fard et al. 2016; Toneva et al. 2019), are
related to the broader areas of continual learning (Chen and
Liu 2018; Kirkpatrick et al. 2017), incremental learning (Li
and Hoiem 2017; Prabhu, Torr, and Dokania 2020), and se-
quential learning (Goodfellow et al. 2013; McCloskey and
Cohen 1989). While these areas focus on reducing forgetting
and maintaining average performance across tasks (Delange
et al. 2021; Kirkpatrick et al. 2017; Lopez-Paz and Ranzato
2017; Zenke, Poole, and Ganguli 2017), negative flips in-
stead highlight instance-level prediction instability. To ad-
dress this issue, most existing methods aim to align predic-
tions across versions via ensemble techniques (Zhao et al.
2024; Xie et al. 2021) or knowledge distillation (Yan et al.
2021; Parchami-Araghi et al. 2024; Echterhoff et al. 2024).
Distillation methods (Yan et al. 2021; Parchami-Araghi et al.
2024; Echterhoff et al. 2024; Trauble et al. 2021; Jiang et al.
2021) typically focus on output alignment but do not ex-
plicitly preserve decision margins, which can increase nega-
tive flips (Wu et al. 2022). For instance, Positive-congruent
training (PCT) (Yan et al. 2021) proposes Focal Distillation
that selectively distills only correct predictions from the old
model, reducing the occurrence of negative flips. Ensemble
methods reduce stochastic variations in training and improve
class separation margins by averaging the outputs of multi-
ple models (Zhao et al. 2024; Xie et al. 2021; Bahri and
Jiang 2021; Zhang et al. 2021; Cai et al. 2022; Li et al.
2023), but incur a high cost at inference. To reduce deploy-
ment costs and mitigate negative flips, ELODI (Zhao et al.
2024) distills the ensemble knowledge to a single model.
However, existing approaches either incur significant com-
putational overhead or do not explicitly address the preser-
vation of the decision margin when additional classes are in-
troduced. For this reason, we propose a novel approach that
overcomes both of these limitations.

Knowledge Distillation. Knowledge distillation (Hinton,
Vinyals, and Dean 2015; Beyer et al. 2022) was originally
developed to transfer knowledge from a larger teacher model
to a smaller student. Since then, it has evolved to include
advanced frameworks such as self-distillation (Zhang et al.
2019; Anil et al. 2018; Caron et al. 2021), teacher-ensemble
strategies (Chebotar and Waters 2016; You et al. 2017; Ma-
linin, Mlodozeniec, and Gales 2020; Asif, Tang, and Har-
rer 2020; Stanton et al. 2021), continual learning (Li and



Hoiem 2017; Asadi et al. 2023; Mistretta et al. 2024), and
compatibility-aware approaches (Shen et al. 2020; Zhou
et al. 2023; Biondi et al. 2023a,b; Ricci et al. 2024; Biondi
et al. 2024; Ricci et al. 2025). Multi-source and multi-
level distillation, leveraging several teachers or latent rep-
resentations, have also been explored for greater robust-
ness with applications in various contexts (Amirkhani et al.
2021; Yuan et al. 2021; Jiang et al. 2024b; Liu, Zhang, and
Wang 2020). While knowledge distillation has been widely
adopted to reduce negative flips (Yan et al. 2021; Zhao et al.
2024), existing approaches often rely on complex ensembles
or single-base model distillation, which can be inefficient or
limited, respectively. We propose a double-source focal dis-
tillation framework combined with decision margin preser-
vation, which matches ensemble performance using only
two models and also overcomes the limitations of single-
model distillation by better preserving decision boundaries
and reducing negative flips.

Margin Preservation. The concept of margins is foun-
dational in a wide range of machine learning algorithms
(Bartlett 1996; Bartlett et al. 1998; Weinberger and Saul
2009). Both empirical and theoretical work show that mar-
gins are closely connected to neural network generalization
(Bartlett, Foster, and Telgarsky 2017; Elsayed et al. 2018;
Jiang et al. 2019; Neyshabur et al. 2019), and play a key
role in tasks such as classification (Pleiss et al. 2020), face
recognition (Deng et al. 2019; Liu et al. 2017; Wang et al.
2018), long-tail distribution learning (Ren et al. 2020; Cao
et al. 2019; Menon et al. 2021), and continual learning (Wu
et al. 2019; Kirkpatrick et al. 2017). Recent work demon-
strates that the final stage of classifier training can be seen
as a margin optimization problem, directly linking the num-
ber of classes to the geometry of the learned representation
(Jiang et al. 2024a). However, despite the recognized impor-
tance of margins for generalization and robustness, decision
margin preservation has not been systematically studied in
the context of negative flip reduction. Our work is the first to
explicitly address this gap.

Problem Formulation

Given an image x € X and its ground-truth label y € ), let
qe denote the predicted probability distribution over classes
given an input for a model parameterized by ¢. The final
predicted class for an input x; is given by:

Ui = argmax%(y | x;).
yey

Consider a base model ¢4 trained on an initial set of classes
Yo = [1,2,...,C°} and an improved version ey,
which is trained on the expanded class set Y = peldyynew,
where Y™ = {C°W 4 1,... C™"} represents the set
of new classes. By analyzing the predictions of ¢qq and
Gnew ON the original class set Y°9, we can categorize dif-
ferent prediction outcomes based on §°'¢ and §"*". Predic-
tions are considered consistent when both models either cor-

rectly classify a sample (§9'¢ = 7% = y;) or misclassify it
(G99 #£ y; AgIY #£ ;). However, in some cases, the predic-

tions differ. A positive flip occurs when a sample previously
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Figure 2: Schematic overview of the proposed Margin Pre-
serving Training (MPT) approach. A model ¢ is trained
with the margin-calibrated loss £ while receiving double-
source focal distillation from two reference models, ¢4 and
Dnew (both optimized with cross-entropy). This combination
mitigates margin underestimation for new classes, reduces
negative flips between model updates, and preserves deci-
sion margins for old classes. The gray region marks areas
near decision boundaries where negative flips typically oc-
cur. Margins are illustrated in a 2D embedding space for
clarity, although MPT operates on logit-space margins over
all classes.

misclassified by ¢q is correctly classified by @pew. These
flips are considered beneficial in model updates and should
therefore be encouraged. Conversely, a negative flip occurs
when a sample that was correctly classified by ¢qq is mis-
classified by ¢pew, making it a key factor in the phenomenon
of performance regression. Figure 1 illustrates an example
of both positive and negative flips.

Margin Preserving Training (MPT)

In this section, we introduce our Margin Preserving Train-
ing method, which aims to reduce negative flips between
successive model updates. Our approach is characterized by
(1) the incorporation of a bias term in the softmax cross-
entropy loss (Equation 2) to preserve decision margins, and
(2) the introduction of a double-source focal distillation term
(Equation 3) to promote balanced learning between old and
new classes. Figure 2 provides a schematic overview of our
approach, illustrating the impact of each component on the
learned class margins.

Margin-calibrated Softmax Cross-entropy Loss

When a model is updated by increasing the number of train-
ing classes, the margin between adjacent classes becomes
narrower as they arrange themselves to maximize the mini-
mum one-vs-rest margin (Jiang et al. 2024a). This contrac-
tion may lead to negative flips, particularly among instances
of previously learned classes, as they become increasingly



CIFAR100 ImageNet1k

Method ER (%) on Y°¢ ER|(%)on V¥ NFR|(%) Rel-NFR (%) ER| (%) on Y4 ER(%)on V¥ NFR|(%) Rel-NFR,(%)
0ld model 33.27 - - 25.55 - - -
No treatment 40.40 39.12 14.04 52.39 28.40 32.88 9.15 43.30
BCT (Shen et al. 2020) 41.28 39.58 14.88 54.34 27.90 33.17 8.99 43.28
PCT-Naive (Yan et al. 2021) 40.54 40.32 14.04 52.20 26.22 33.17 7.24 37.06
PCT-KL (Yan et al. 2021) 39.44 38.79 11.94 45.63 27.73 32.69 8.09 39.19
PCT-LM (Yan et al. 2021) 41.34 41.83 12.12 44.19 27.98 34.70 7.55 36.24
ELODI (Zhao et al. 2024) 37.98 38.45 10.56 4191 27.28 32.13 7.61 37.46
ELODI 7 (Zhao et al. 2024) 39.06 38.32 12.46 48.09 28.51 32.97 9.07 42.74
MPT-KL (Ours) 34.32 38.55 9.26 40.67 24.68 32.76 6.09 33.15
MPT-LM (Ours) 35.28 38.61 9.26 39.57 25.46 34.12 6.02 31.76

Table 1: Comparison of different methods on CIFAR100 and ImageNetlk with a ResNet-18 architecture. We report the error
rate on old classes (ER on YY), the overall error rate (ER on Y2, the Negative Flip Rate (NFR), and the Relative Negative

Flip Rate (Rel-NFR).

closer to each other. Furthermore, expanding the training set
with new classes can introduce interfering features, thereby
leading to negative transfer (Zhang et al. 2022). This phe-
nomenon arises because the model tends to learn more
generic rather than class-specific features (Li, Nguyen, and
Zhang 2023), which increases the probability of negative
flips. To address this, we propose a margin-calibrated soft-
max cross-entropy loss, designed to preserve the margins
of previously learned classes. The core idea is to apply a
positive logit bias to the newly introduced categories dur-
ing training, tilting the decision boundary to favor of the
old ones and thus maintaining their margin close to those
learned by the base model, mitigating negative flips.

Given a logit vector z produced by a model ¢ for an input
sample x, where z; corresponds to class ¢ (with C' the total
number of classes), and y is the ground-truth class label, we
introduce a class-dependent logit bias A;. The logit bias A;
is defined as a positive bias k£ > 0 applied exclusively to the
newly introduced classes Y"":

0, ifie yod,

A' =
‘ {k ifi e ynev,

The resulting margin-calibrated softmax cross-entropy
loss is defined as:

ey

ezerAy
ZC 1 ezitA; ’
i=

Introducing a positive bias into the logit functions serves
as an explicit prior, increasing the predicted confidence for
targeted classes during training. This approach reduces the
model’s dependency on highly discriminative features for
those classes, as the introduced bias inherently supports
correct classification. Conversely, classes without the pos-
itive logit bias must rely exclusively on feature-based dis-
crimination, prompting the model to develop larger deci-
sion margins for these unbiased categories. At inference
time, with the bias removed, the model’s confidence in pre-
viously biased classes diminishes, revealing their compara-
tively weaker internal representations. Consequently, the ab-
sence of this prior forces the model to maintain wider deci-
sion margins for unbiased categories, as these posed greater

La=—log @)
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challenges during training without the benefit of a positive
bias (Ren et al. 2020). When the value of k = 0, then A; = 0
for all classes, and Equation 2 reduces to the standard cross-
entropy loss, resulting in a balanced learning of margins
across all categories.

Margin-calibrated losses have previously been formalized
and employed to address class imbalance learning, where the
most frequent classes receive larger margins due to dispar-
ities in class frequencies compared to rare ones (Ren et al.
2020; Menon et al. 2021; Cao et al. 2019). Motivated by this,
we reinterpret the class-dependent logit bias as a tool for
more general margin regulation. In our approach, A; is not
determined by class frequencies, as is common in class im-
balance methods, but is instead governed by a tunable hyper-
parameter & that directly controls the trade-off between pre-
serving old class margins and learning new classes. Increas-
ing the value of k progressively biases the training in favor
of previously learned classes, thereby allowing fine-grained
control over the retention of old class margins. While this
strategy effectively reduces negative flips, it may also bias
the model against new classes, leading to potential underfit-
ting. To address this issue, we propose a double-source focal
distillation mechanism in the following section.

Double-source Focal Distillation Training

When trained with the loss in Equation 2 with a high value of
k, the model ¢ tends to preserve the decision margins of old
classes but underestimates those of new classes due to the
induced positive bias, resulting in significantly smaller de-
cision margins for the latter and a higher error rate. In con-
trast, training a new independent model from scratch with
standard cross-entropy (i.e., without the logit shift) results in
more balanced margins and accuracy between old and new
classes, but at the cost of increased negative flips.

To address this trade-off, we propose a double-source fo-
cal distillation strategy (see Figure 2). This approach trans-
fers positive knowledge from both the old model ¢oq and
a new reference model ¢y, trained on all categories with
standard cross-entropy loss, which provides reliable guid-
ance also for the newly added classes. By combining both
sources, the final model maintains robustness on old classes
while improving classification on new ones, even when sub-



CIFAR100 ImageNet1k

Method ER (%) on Y°¢ ER|(%)on V¥ NFR|(%) Rel-NFR (%) ER| (%) on Y4 ER(%)on V¥ NFR|(%) Rel-NFR,(%)
0ld model 33.27 - - - 25.55 - - -
No treatment 37.26 36.33 12.20 49.36 22.32 26.38 6.14 36.92
BCT (Shen et al. 2020) 39.08 37.34 13.58 52.38 21.32 25.34 5.71 35.98
PCT-Naive (Yan et al. 2021) 37.38 37.96 12.12 48.88 21.06 26.25 5.30 33.78
PCT-KL (Yan et al. 2021) 36.54 36.98 10.22 42.16 21.78 26.03 5.21 32.14
PCT-LM (Yan et al. 2021) 39.20 41.02 10.50 40.38 24.16 29.38 5.15 28.62
ELODI (Zhao et al. 2024) 35.24 36.62 9.10 39.45 20.42 24.36 427 28.07
ELODI 7 (Zhao et al. 2024) 35.12 35.15 10.14 43.52 22.08 26.16 5.83 35.46
MPT-KL (Ours) 33.02 36.07 8.62 39.35 19.23 24.95 3.79 26.48
MPT-LM (Ours) 35.10 37.28 9.42 40.46 19.84 25.50 3.49 23.64

Table 2: Comparison of different methods on CIFAR100 and ImageNetlk when also the architecture of the new model is
updated from a ResNet-18 to a ResNet-50. We report the error rate on old classes (ER on V') the overall error rate (ER on
V), the Negative Flip Rate (NFR), and the Relative Negative Flip Rate (Rel-NFR).

jected to an induced positive bias. The proposed final train-
ing objective is:

Hl(;n LA + Ap (¢ Pola) + ALED (D, Pnew) 3)
where L is the logit-adjusted softmax cross-entropy loss
from Equation 2, and Lgp a focal distillation loss. We adopt
the Focal Loss distillation terms as proposed by Yan et al.
(2021) to better emphasize instances correctly classified by
the reference model and mitigate the risk of suppressing pos-
itive flips. The formal definition of Lgp is given by:

N

Lep =Y [a+ 8- 1(5; = yi)] - d(¢,0"),

i=1

“

where « is a base weight for all samples, 5 is an addi-
tional weight for samples correctly predicted by a reference
model ¢*, and d is the distance between model outputs. In
practice, the distance d can be defined as a temperature-
scaled Kullback-Leibler (KL) divergence (Hinton, Vinyals,
and Dean 2015):

diw(61,62) =KL (0 (2) 0 (2))

T

&)

where o is the softmax, 7 is the temperature, and z = ¢(x)
the logit vector for input x. Alternatively, the Euclidean dis-
tance applied directly to the logits may be used (Hinton,
Vinyals, and Dean 2015; Bucilua, Caruana, and Niculescu-
Mizil 2006):

1
dim(r, ¢2) = §\|Z1 — 2o|[3. (6)

In the following, we refer to this approach as Margin Pre-
serving Training (MPT).

Experimental Results
Experimental Setup

Datasets. We evaluate the proposed approach using
two standard image classification datasets: CIFAR100
(Krizhevsky 2009) and ImageNetlK (Russakovsky et al.
2015). ImageNetlK contains 1,000 categories with
1,281,167 training images and 50,000 test images. CI-
FAR100 comprises 100 categories, including 50,000

8725

training and 10,000 test images. Additionally, we employ
CIFAR10 (Krizhevsky 2009) to present qualitative results.
For data splits, we follow the methodology from (Yan et al.
2021), using 50% of classes (Y°4) for training the old
model and all classes ()*") for training the updated model.

Implementation Details. For CIFAR100 and CIFARIO,
we train a ResNet-18 and a ResNet-50 (He et al. 2016)
using SGD (momentum = 0.9) with a base learning rate
of 0.1, applying cosine annealing (Loshchilov and Hutter
2017) over 100 epochs with a batch size of 128. For Ima-
geNetlk, we adopt the standard ImageNet1k training recipe
provided directly by PyTorch repository. Specifically, we
train a ResNet-18 and a ResNet-50 (He et al. 2016) with
embedding dimension 128 using SGD (momentum = 0.9)
with an initial learning rate of 0.1, decayed by a factor of ten
every 30 epochs for a total of 90 epochs. The batch size is set
to 128. For our method, we set A = 0.4 and A = 1.0 when
LM of Equation 6 and KL of Equation 5 are used as distilla-
tion functions, respectively. Following prior work (Yan et al.
2021; Zhao et al. 2024), we train every model from scratch,
as this represents the most challenging setting, resulting in
the highest NFR (Yan et al. 2021).

Evaluation Metrics. To measure model accuracy, we re-
port the error rate (ER) computed on the full test set (V2!).
Additionally, we report ER specifically on test samples from
the old classes ()°!¢), enabling comparison of the accuracy
between base and updated models. As minimizing negative
prediction flips (Figure 1) is the main goal of our approach,
we adopt the Negative Flip Rate (NFR) (Yan et al. 2021),
defined as:

1N
NFR = N;Mz)?ew #yi NG = vi), @)
where N is the number of test samples, 1(-) is the indicator
function, " and 79" denote predictions of the new and old
models respectively, and y; is the ground truth label. Since
NFR alone does not account for differing model accuracies,
we also report the Relative Negative Flip Rate (Rel-NFR)

(Yan et al. 2021), computed as:
NFR

Rel-NFR = ,
(1 - ERold) . ERnew

®)
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Figure 3: Comparison of embedding spaces for ResNet-18 models (embedding size = 2) on the CIFAR10 test set under various
update strategies. Notably, when the model is trained directly on multiple classes (“No Treatment”), the inter-class margins
are narrower compared to the original model. Our proposed Margin Preservation Training (MPT) maintains the margins of the
original model, thereby significantly reducing the rate of negative flips without compromising the error rate across all classes.

which normalizes negative flips relative to model accuracy Bias d ER()°Y) ER()™) NFR Rel-NFR
differences. The NFR metric measures only cases where % % 28.40 3288 916 4331
previously correct predictions become incorrect. As such, x LM 27.98 34.70 7.55 36.24
it can decrease even if the overall error on old classes in- x KL 2773 3269 809  39.19
creases slightly. For instance, some examples that were pre- j KXL %2%3 2‘2‘;2 ggé 22‘1‘2
viously misclassified may be correctly classified by the up- v IM M M 602 3176
dated model.
Compared Methods. The “Old model” refers to a base- Table 3: Ablation study of design choices of MPT on Ima-
line trained solely on the original dataset (i.e., 50% of the geNetlk. We report the error rate on old classes (ER()°!)),
classes). “No Treatment” denotes a setting in which the the overall error rate (ER()?)), the Negative Flip Rate
model is updated using the standard cross-entropy loss, (NFR), and the Relative Negative Flip Rate (Rel-NFR). Vari-
without explicit mechanisms to mitigate negative flips. For ants remove margin-based regularization or distillation. The
comparison, we also include the PCT-Naive approach from last two rows report performance of our method, i.e., MPT-
(Yan et al. 2021), as well as variants of PCT that employ KL and MPT-LM.
alternative focal distillation losses: KL divergence (PCT-
KL, Equation 5) and Logit Matching (PCT-LM, Equation 6).
ELODI (Zhao et al. 2024) is implemented as logit distilla- in reducing negative flips while preserving performance on
tion from an ensemble of eight independently trained new previously learned classes.
models and a single old model. Its TopK variant, which dis- To further validate our approach on modern architectures,
tills only from the Top-K components of the logits, is also we conduct experiments by fine-tuning only the classifier
included as a baseline (we set K=10 as in Zhao et al. (2024)). layer of a ViT-B/32 model pretrained on ImageNet-1k, using
the CIFAR100 dataset. As shown in Table 4, MPT achieves
Quantitative Results the best results in terms of error rate for both old and new
We present quantitative comparisons of our proposed MPT classes, as well as the lowest value of NFR, thereby validat-
methods (MPT-KL and MPT-LM) against existing base- ing the effectiveness of our approach.
lines in Tables 1, where the same architecture is used for L.
both the old and new models, and 2, where the new model Qualitative Results
adopts a more powerful architecture (ResNet-50) than the To complement the quantitative analysis presented in pre-
original (ResNet-18). The results show that both MPT vari- vius section, we provide qualitative results obtained from
ants achieve competitive error rates (ER) on old and new training a ResNet-18 model with a two-dimensional fea-
classes, indicating effective retention of prior knowledge. ture space on CIFAR10 using different methods. A two-
Notably, both methods significantly reduce the NFR, high- dimensional feature space enables direct visualization of the
lighting their ability to preserve correct predictions made learned representations without the need for dimensional-
by the original model. In both experimental settings, MPT- ity reduction techniques such as t-SNE (Van der Maaten
KL and MPT-LM consistently achieve lower NFR values and Hinton 2008) or UMAP (MclInnes, Healy, and Melville
than all baseline methods, notably outperforming ELODI, 2018). Figure 3 presents the resulting representations across
which employs an ensemble of multiple new models. These six different settings: (1) “Old Model”, (2) “No Treatment”,
findings suggest that preserving the decision margins of the (3) PCT-KL, (4) MPT (no bias, £k = 0), (5) MPT (no distil-
original model plays a key role in mitigating negative flips. lation, A = 0 in Equation 3), and (6) MPT. In each subplot,
The Rel-NFR metric further corroborates this observation: data points are color-coded according to their true class la-
MPT-KL and MPT-LM consistently outperform all base- bels.
lines, even when controlling for overall accuracy. This in- In the "Old Model" each class forms a compact cluster
dicates that MPT maintains prior knowledge without simply centered in its angular sector and is well-separated from ad-
sacrificing accuracy on new classes. Overall, these results jacent decision boundaries. In "No Treatment" these clusters
clearly demonstrate the effectiveness of the MPT approach drift outward and increasingly intersect neighboring sectors:
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Figure 4: Effect of different margin value k& of Equation 1
on CIFARI100 for both LM and KL distances in the focal
distillation objectives. Bars show the error rate (ER), and
lines represent the negative flip rate (NFR).

the green and blue points cross their boundaries, as do the
red and newly introduced brown classes. This indicates sub-
stantial margin shrinkage and a tighter geometric arrange-
ment relative to the old model, consistent with the findings
of (Wu et al. 2022). The PCT-KL method attempts to repli-
cate the feature distribution of the Old Model, resulting in
clusters that are more concentrated near the origin compared
to the "No Treatment" scenario. However, not all old class
margins are well preserved: some red class points are within
the brown class region, indicating a uniform reduction of
margins for that class. MPT (no bias, & = 0) produces ef-
fects similar to those of PCT-KL. By leveraging knowledge
from the new model, it prevents new class clusters from
collapsing toward the center or into old class regions, re-
sulting in a slightly lower error rate. MPT (no distillation)
clearly preserves the margins of the old classes, as all old
class points remain within their respective regions. However,
this approach results in a high error rate for the new classes,
as they are mapped into regions corresponding to the old
classes, thereby yielding large decision margins for the new
classes. Our proposed approach, MPT, achieves the best re-
sults. It provides superior margin preservation for old classes
and a lower error rate for new classes, with each point cor-
rectly residing in its respective class region. Figure 3 shows
the emergence of interfering features with the introduction
of new categories, as discussed by Tirer, Huang, and Niles-
Weed (2023). For instance, the new brown class (Dog) leads
to interference in the learning of the old red class (Cat), as
they are semantically similar.

Ablation Studies

Design Choices of MPT. To better understand the contri-
butions of each component in our method, we analize the ef-
fects of margin-based regularization and double-source focal
distillation. Table 3 shows the impact of removing margin-
based regularization (k = 0 in Equation 1) or double-source
focal distillation by setting A = 0 in Equation 3. The re-
sults show that both margin-based regularization and focal
distillation are essential for minimizing negative flips. Re-
moving either component increases the Negative Flip Rate
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Method ER|(%)on NFR|(%) Rel-NFR,(%)
yold yll

Old model 13.28 -

No treatment 19.44 19.60 7.08 41.86
BCT (Shen et al. 2020) 19.78 19.89 6.64 38.70
PCT-Naive (Yan et al. 2021) 17.40 19.73 5.26 34.85
PCT-KL (Yan et al. 2021) 19.44 19.52 6.88 40.81
PCT-LM (Yan et al. 2021) 19.50 19.59 6.58 38.91
ELODI (Zhao et al. 2024) 17.13 19.54 4.97 30.69
ELODIr,,k (Zhao et al. 2024) 17.52 19.57 5.16 31.98
MPT-KL (Ours) 15.16 19.51 3.26 24.09
MPT-LM (Ours) 16.22 19.58 3.58 25.45

Table 4: Negative Flip Reduction comparison of a pretrained
ViT-B/32 fine-tuned on CIFAR100.

(NFR) and Relative Negative Flip Rate (Rel-NFR), high-
lighting their complementary effects. Margin-based regular-
ization alone improves performance on old classes but re-
duces accuracy on new classes, while distillation alone in-
creases negative flips. Our proposed methods, MPT-KL and
MPT-LM, which combine both components, consistently
achieve superior performance compared to variants using
only one. This confirms that integrating margin preservation
and focal distillation is crucial for balanced performance,
minimizing negative flips, and maintaining high accuracy
across both old and new classes.

Exploratory Studies of Parameters in MPT. We eval-
uate the effect of varying the margin parameter k (Equa-
tion 1) on the error rate (ER) and Negative Flip Rate (NFR)
in CIFARI100, as shown in Figure 4. Owing to computa-
tional constraints, these experiments were not repeated on
ImageNet-1k. Figure 4 shows that increasing k generally
decreases negative flips while maintaining a competitive er-
ror rate, with £ = 4 providing the optimal trade-off for CI-
FAR100. This trend holds for both KL-based and LM-based
distillation objectives. Consequently, we set k& = 4 for all
CIFAR100 experiments. For ImageNet-1k, a smaller margin
(k = 1.5) is used to better suit the larger dataset.

Conclusions

In this paper, we investigated the problem of negative
flips, where updated models misclassify samples previously
classified correctly. We addressed this issue from a novel
margin-based perspective by explicitly preserving decision
margins learned by the old model during incremental up-
dates. Specifically, we proposed Margin Preserving Train-
ing (MPT), which applies a logit bias to maintain decision
margins for previously learned classes and integrates addi-
tional knowledge via a double-source focal distillation strat-
egy. Extensive experiments on CIFAR100 and ImageNet-1k
demonstrate that MPT significantly reduces negative flips
while maintaining competitive accuracy across all classes.

Limitations. Our method requires training an additional
reference model on all classes, modestly increasing com-
putational demands. However, this overhead remains lower
than typical ensemble-based methods. MPT’s performance
depends on tuning of the margin bias, emphasizing the need
for empirical optimization across datasets and scenarios.
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