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Abstract

Deep learning models continue to scale, with some re-
quiring more storage than many large-scale datasets. Thus,
we introduce a new paradigm: Continual Distillation (CD),
where a student learns sequentially from a stream of teacher
models without retaining access to earlier teachers. CD
faces two challenges: teacher training data is unavailable,
and teachers have varying expertise. We show that external
unlabeled data enables Unseen Knowledge Transfer (UKT),
allowing the student to acquire information from domains
not present in the training data, while known to the teacher.
We also show that sequential distillation causes Unseen
Knowledge Forgetting (UKF) when transferred knowledge
is lost after training on later teachers. To better trade off be-
tween UKT and UKF, we propose Self External Data Distil-
lation (SE2D), a method that preserves logits on external
data to stabilize learning across heterogeneous teachers.
Experiments on multiple benchmarks show that SE2D re-
duces UKF and improves cross-domain generalization. The
code and implementation for this work are publicly avail-
able at: https://github.com/Nicolas1203/
continual_distillation.

1. Introduction

Over the last decade, deep learning models have reached
unprecedented scales, creating a growing need for
computation-efficient strategies. Consequently, Continual
Learning (CL) [8, 24, 35] has become a major branch
of contemporary deep learning research. The main idea
is straightforward: a model is trained on a sequence of
datasets where previous data becomes unavailable over
time. The rationale is that re-training on both past and cur-
rent data as new data arrives can be computationally ex-
pensive or require substantial storage. In this context, data
access is limited during training.

With the recent adoption of Foundation Models
(FMs) [1, 9, 11, 21, 26] as the backbone of modern deep

TEqual supervision.

learning, we propose a new paradigm, Continual Distilla-
tion (CD), tailored to FMs, illustrated in Figure 1. In CD,
instead of learning from a sequence of datasets, we pro-
pose to learn from a sequence of models trained on different
datasets. Specifically, a single student model learns sequen-
tially from multiple teacher models without retaining access
to earlier ones. Similar to training data in CL, new FMs are
regularly introduced over time, and storing them is cum-
bersome since they can rapidly require more storage than
large-scale datasets. For instance, storing 10B parameters
requires approximately 38GB [7], while FMs often exceed
100B parameters. Even accessing FMs through restricted
APIs presents serious limitations, as previous versions may
become unavailable after updates. Our CD setup reflects a
realistic scenario in which one aims to leverage the ever-
evolving stream of FMs to train smaller and more special-
ized models through distillation. In analogy to CL, where
a single model benefits from a continuous stream of data,
in CD, a single student model benefits from a continuous
stream of teacher models.

However, CD introduces two main challenges. First, the
original training data of a foundation model is typically un-
available, undisclosed, or prohibitively large to reuse [2].
Thus, choosing distillation data is critical, and such data
can potentially emerge from a domain unknown to the
teacher [36]. Second, each teacher generally exhibits dis-
tinct abilities and performance; for instance, one may excel
at recognizing animals, while another may specialize in dis-
tinguishing insects.

In this work, we focus on the case of Continual Distil-
lation, where, analogous to Domain Incremental Learning,
teachers have been trained on a domain incremental set of
datasets. However, we assume that teachers share partially
overlapping domains. We believe this assumption to be re-
alistic, as, for example, it is safe to assume that all FMs have
been trained on ImageNet. Therefore, we make the follow-
ing key assumptions: (1) each teacher is trained on data
from different domains while sharing a specific domain; (2)
the training data for distillation is fixed; and (3) the training
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Figure 1. Overview of the Continual Distillation problem. A student model S learns through distillation from a sequence of teachers
{71, 72, 7T3}. During distillation, part of the teachers’ training data is unavailable. The objective is for the student to maintain high
performance on all domains known to the teachers, but not necessarily introduced to the student.

data is unlabeled. The ultimate objective is to obtain a stu-
dent model that achieves high performance on every domain
known by at least one teacher, without having access to all
teacher training data or labels. In this context, we find that
training data can be decomposed into two categories: Ex-
ternal Data (ED), unknown to all teachers, and Internal

Data (ID), known to all teachers. Importantly, we discover

that ED enables the transfer of knowledge from domains

unseen by the student but known by the teacher during dis-
tillation, which we refer to as Unseen Knowledge Transfer

(UKT). Naturally, we observe that the student inevitably

forgets unseen knowledge transferred by previous teach-

ers when learning from future ones. We refer to this phe-
nomenon as Unseen Knowledge Forgetting (UKF). The
central problem of CD becomes reaching an optimal UKT-

UKF trade-off.

Experimentally, we observe that while the usage of ED
enables UKT, mainstream distillation strategies fail to ad-
dress UKF, as their primary focus relies on maximizing
knowledge transfer only. We therefore propose Self Exter-
nal Data Distillation (SE2D), a CL-inspired method tailored
for the CD problem, focusing on preserving logits of ED to
maintain performance on domains unseen by the student.
SE2D allows positive UKT while maintaining performance
in older domains. Our contributions are as follows:

* We introduce the paradigm of Continual Distillation, mo-
tivated by the practical challenges that arise when previ-
ous teacher models are no longer accessible.

* We demonstrate that the choice of distillation data is cru-
cial for transferring knowledge to domains unseen by the
student, and choose to take advantage of External Data,
unknown to the teachers.

* We identify Unseen Knowledge Forgetting, mitigate it
by preserving External Data logits, and validate our ap-
proach across various benchmarks.

2. Related Work

Continual Learning. Continual Learning (CL) [5, 24] fo-
cuses on enabling models to learn from a sequence of tasks
while retaining previously acquired knowledge. Tradition-
ally, each CL task is defined by different non-overlapping
datasets with unique properties. In Class Incremental
Learning (CIL) [10], each task is composed of a unique
set of classes. In Domain Incremental Learning (DIL) [3],
classes are shared, but input distributions vary. While ac-
cess and change in data have been widely studied, we are, to
the best of our knowledge, the first to consider an alternative
scenario where data is fixed but accessible model change
over time. In this case, we focus on a situation where the
teachers’ training domain differs, not unlike a DIL setup,
where each teacher would be trained on a specific task of
a DIL setting. Since foundation models become ubiqui-
tous [26], large, and ever-changing, a paradigm shift from
ever-evolving data to ever-evolving teachers appears rele-
vant. While Knowledge Distillation is often employed in
CL to mitigate forgetting [22, 28, 32], we instead investi-
gate the phenomenon of forgetting within distillation itself,
treating it as the central challenge of our study.

Knowledge Distillation. Knowledge Distillation (KD) [15]
is a technique that allows a smaller student model to repli-
cate the behavior of a larger, more capable teacher model.
Ideally, KD assumes that both the teacher and student are
trained on the same dataset, and has been widely used
for model compression [29, 39] and transfer learning [38].
When such data is not available, distillation is considered to
be data-free [36]. In that context, the objective is usually to
reproduce the teacher’s training domain as closely as pos-
sible. Thanks to the capability of knowledge transfer from
KD, it has become one of the cornerstones for solving the
forgetting problem in CL [12, 28]. Nevertheless, the ideal
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Figure 2. Visualization D, and D; and different teacher training
domains in our experimental setting. D; and D, are publicly avail-

able like ImageNet or Wikipedia. However, some private or re-
stricted data might be included in training, such as medical data.

setting (i.e., the students are distilled with the original teach-
ers’ training dataset) of KD rarely holds in CL due to the
unavailability of historical data. Consequently, CL methods
conduct distillation with new training samples [20], small
memory buffer samples [22], generated samples [37], or ad-
versarial samples [14].

While prior work has explored multi-teacher knowledge
distillation and the use of distillation in continual learn-
ing, our setting differs in several key aspects. First, ex-
isting multi-teacher distillation methods typically assume
simultaneous access to all teachers, whereas we consider
a sequential setting where only one teacher is accessible
at a time. Second, unlike continual learning approaches
that focus on data streams, our formulation assumes a fixed
dataset and instead models a stream of evolving teacher
models. Finally, in contrast to standard distillation-based
continual learning methods, we do not assume access to
past data or replay buffers, nor to previously seen teach-
ers. This combination of constraints defines a distinct and
practically relevant scenario that, to the best of our knowl-
edge, has not been explicitly studied before. We therefore
frame this problem as Continual Distillation, emphasizing
the shift from data-centric to model-centric CL.

3. Continual Distillation

3.1. Generic Definition

We define Continual Distillation (CD) as the process of dis-
tilling the knowledge from a sequence of teacher models
continuously into one student model, on a fixed dataset.
When distilling from one teacher to the student, other teach-
ers are considered unavailable. The distillation process
from a given teacher to the student is analogous to a task
in standard CL. Formally, given a sequence of teachers
{To,T1,...,Tn}, each trained on a dataset D/, the stu-
dent S is optimized to minimize distillation loss Ly,
with respect to 7; on a distillation dataset DS. TImpor-
tantly, we only consider distillation and no label-dependent
loss is considered. In this work, we focus on logits-based
distillation as representations are architecture-dependent,
computation-intensive, and require access to the entire
teacher model. We present the overall procedure in Fig-
ure 1. We denote by Ds(T;, D) the operation of distilling

Student
Performances

% UKT

Teacher Distillation
Performances Data

Internal Data Only

ﬂL.

Internal and External Data

& UKT
7i = &
/UKF
' LL ®® |-
@8 Domain0(D;) @@ Domain 2

@8 Domain 1 @@ External Domain (D,)

Figure 3. Illustration of Unseen Knowledge Transfer (UKT) and
Unseen Knowledge Forgetting (UKF). When distilling only from
71 on Internal Data D;, only Domain 0 knowledge is transferred.
When distilling from the same teacher 71 on D. U D;, Domains
0 and 1 knowledge is transferred, although the student has never
seen Domain 1. However, when continuing the sequence and dis-
tilling from 75, while the student acquires knowledge from Do-
main 2, it forgets part of the knowlege from Domain 1.

from teacher 7~ trained with D] to student S on distillation
dataset D°.

3.2. Specific Problem Scenario

Traditional KD assumes that the teacher training datasets
are available for distillation. In CD, not only are such
datasets considered unavailable, but dataset domains might
differ from one teacher training to another. In other words,
D], DZ; and DS may cover partially or totally different do-
mains. Therefore, various scenarios can be defined in CD
depending on the domain overlap between teachers training
data D] and distillation data DS. Realistically, when con-
sidering FMs, it is safe to assume that part of the training
data is shared. Typically, publicly available datasets such
as Wikipedia or ImageNet are commonly used for train-
ing FMs. However, additional data, exclusive to a specific
model, might also be included during training. A visualisa-
tion of such a scenario is presented in Figure 2. Formally,
we consider the case of partially exclusive teacher domains
such that all teachers share a specific domain:

D] D] =D;, Vit 1)

with D; the Internal Data (ID). The remaining distillation
data is considered unknown to all teachers, hence:

DS =D, UD;, )
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where D, denotes the External Data (ED) such that for any
teacher of index t, D, N D; = 0.

3.3. Unseen Knowledge Transfer and Forgetting

We define ‘unseen’ as domains not present in the student’s
training data but present in the teacher’s knowledge. In
CD, D. is unknown to the teachers. Such an ED can either
be introduced or can appear unknowingly when generating
data, a standard procedure of data-free distillation. While
this could appear to be a limitation, we observe that lever-
aging ED allows the student to acquire knowledge about
domains that have never been explicitly seen during train-
ing. We refer to this phenomenon as Unseen Knowledge
Transfer (UKT). Intuitively, when integrating ED, generic
knowledge is transferred because of the teacher’s uncer-
tainty. Conversely, when the teacher is confident, specific
knowledge only is transferred. In CD, we propose to take
advantage of UKT by purposefully integrating ED during
distillation to extract additional knowledge from the teacher.

However, in CD, the student sequentially learns from
multiple teachers, each providing distinct unseen domain
knowledge. While UKT enables the student to acquire
information about domains not directly represented in the
teacher data, this transferred knowledge is often fragile. As
the student learns from subsequent teachers, they tend to
lose information previously transferred from earlier ones.
We refer to this phenomenon as Unseen Knowledge For-
getting (UKF). UKF differs fundamentally from the catas-
trophic forgetting traditionally studied in Domain Incre-
mental Learning, as the forgotten knowledge does not orig-
inate from the student’s own training data but from the
teacher’s knowledge. Since the student is never directly ex-
posed to such knowledge, we call it unseen knowledge. An
intuitive illustration of UKF and UKT is given in Figure 3.

3.4. Self External Data Distillation (SE2D)

We introduce Self-External Data Distillation (SE2D), a
method designed to mitigate UKF in Continual Distillation.
In SE2D, the student model is trained not only from the cur-
rent teacher but also from its own checkpoint saved after the
previous task. Such a strategy is quite common in Contin-
ual Learning [20, 27]; however, we propose to adapt it to the
specific problem at hand. Therefore, the distillation process
from the checkpoint is performed exclusively on external
data D., which is unknown to all teachers. An overview of
our proposed approach is given in Figure 4.

Prior observations indicate that performance on do-
mains unseen by the student yet known by past teachers
depends heavily on these external samples. We restrict
self-distillation to external data D, to specifically preserve
knowledge that is not directly supported by the shared in-
ternal domain D;. Applying self-distillation on D; would
mainly reinforce already stable knowledge, while our goal

weop Checkpointat I logits from D,
task change

I logits from D;

KL divergence

Figure 4. Overview of Self External Data Distillation (SE2D).
While the distillation from the teacher sequence is done on the en-
tire distillation data, distillation from the checkpoint of the student
at the end of the previous task is done only on D..

is to maintain transferred knowledge from unseen domains,
which is primarily captured through D,.

Practically, at each distillation step ¢, the student S;
learns from both the current teacher 7; and the previous stu-
dent checkpoint S;_1:

Lsen = Lxkp(St, ﬁ;DS) + Lxp(S:, Si—1;De),  (3)

where Lgp denotes the temperature-scaled Kull-
back-Leibler divergence between the softmax distributions
of the student logits zs () and teacher logits z7(x):

Lio(S,TiD%) = T*E,.ps [KL (0(52) || o(25f2))].

where T is the distillation temperature and o(-) denotes the
softmax function. This simple yet effective mechanism en-
ables the student to accumulate knowledge over time while
retaining transferable information from previous distillation
stages. In Section 5, we present experimental results of
SE2D across various benchmarks.

4. Experimental Setup

In the following, we describe the experimental setup for
Continual Distillation. More details regarding the imple-
mentation are given in the appendix.
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4.1. Domain Selection

Teachers Domains. To reproduce a Continual Distillation
context, we work on datasets containing data of the same
classes but coming from different domains. For example, in
Figure 1, each domain contains the class “cat”; however,
the color of the cat is different depending on the considered
domain. Another example would be the condition in which
the picture was taken (inside or outside). Such a domain
shift is typically considered in DIL [16, 33].

External Data Selection. In CD, the choice of ED is cru-
cial. In realistic scenarios, ED could be introduced acci-
dentally, as knowing FMs exact training domain is unlikely.
In this work, we deliberately exploit such external data,
specifically selected to fall outside all teacher training do-
mains, to study its influence on knowledge transfer and for-
getting. We consider two scenarios: (1) related external
domains, where the data share the same semantic classes
as the teacher domains (e.g., if teachers are trained on sea
animals such as dolphins, sharks, and whales, the external
data may include jellyfish); and (2) unrelated external do-
mains, where the data are semantically distinct (e.g., using
images of trucks or digits instead of marine animals). In
both cases, teachers have minimal performance on ED. Ad-
ditional discussion is included in appendix.

4.2. Teacher Selection

For the experimental setup, we hypothesize that most con-
temporary FMs share a substantial amount of common
knowledge but differ primarily in their performance on spe-
cific tasks. Based on this assumption, we train a sequence
of teacher models that all share a common domain while
each possesses a unique domain not shared by any other
teacher. Consequently, all teachers in the sequence provide
a shared knowledge base together with a teacher-specific
domain that the student must learn and retain through the
use of external data. An example is given in Table 1 where
each teacher is trained on pairs (0, 1), (0, 2), and so on.

4.3. Datasets

For simulating CD, we build upon Domain Incremental
Learning datasets. We consider each domain separately
and pre-train teachers on subsets of such domains. CI-
FAR20 [30], a variation of CIFAR-100 using the 20 su-
perclasses instead of the 100 fine-grained classes. Since
in CIFAR-100, each superclass is composed of 5 sub-
classes, using the superclasses allows for defining 5 dif-
ferent domains where each domain is images from differ-
ent subclasses but identical super-class. CIFAR20 con-
tains 10,000 train images and 2,000 test images per do-
main. All such domains are considered related. Addition-
ally, we experiment with CUB [34] and MNIST as unrelated

datasets. Digits, that we define as the combination of vari-
ous digit datasets, each one representing a different domain.
Namely, we mix MNIST [19], MNIST-M [13], USPS [17]
and SVHN [23]. As a related domain, we consider KM-
NIST [6], a dataset composed of Japanese Hiragana. We
reckon this dataset as having similar difficulty as MNIST,
even though of different classes. DomainNet, an adapted
version of the DomainNet dataset [25], containing six vi-
sual domains: Real, Clipart, Painting, Infograph, Sketch,
and Quickdraw. Each domain shares the same set of 345
classes but differs significantly in style and texture statis-
tics. This dataset contains around 600,000 images, and the
domains are unbalanced, increasing the difficulty. All do-
mains are considered related.

4.4. Considered Methods

We selected mainstream and recent state-of-the-art base-
lines for logits-based distillation methods. We consid-
ered the following. KL-divergence. This method con-
sists of a standard distillation loss and serves as a base-
line [18]. Logits Standardization (LS) [31] is a method
recently proposed that improves upon logits distillation by
standardizing student and teacher logits. Medium Diffi-
culty Samples (MDS) [4] is a data-pruning strategy that
considers distilling on samples of medium difficulty only.
The original method was proposed in a supervised sce-
nario where the teacher’s cross-entropy was considered as
the criterion for assessing sample difficulty. In our setup,
we adapted this method with the same principle, using
teacher entropy as a sample difficulty estimator. Decou-
pled Knowledge Distillation (DKD) [39], a standard dis-
tillation method that decomposes the conventional distilla-
tion objective into two components: a target class term and
a non-target class term. While most efficient in supervised
scenarios, DKD can easily be used in unsupervised scenar-
ios by considering the teacher’s maximum prediction as the
target. Self-Distillation. Distillation is regularly used in
CL [12, 22, 28]. A common strategy is to save a checkpoint
of the current model at the end of the task and use such a
checkpoint for distillation when training on the subsequent
task. This methods uses both D; and D, for distillation.

5. Experimental Results

5.1. External Data Impact on UKT and UKF

External Data Improves Knowledge Transfer. A first
observation that can be made in the CD setting is the ne-
cessity of training with ED to fully distill knowledge from
the teacher. To showcase this effect, we train a sequence of
teachers on CIFAR20 on domain pairs {0, 1}, {0, 2}, {0, 3},
while distilling to the student model on ID only (domain 0),
using the KL-divergence. The results are displayed in Ta-
ble 1, where the accuracy of the student after each task is
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Table 1. Accuracy (%) of the student model on test sets, domain-
wise, on CIFAR20, for various domain overlaps, after distilling
for 1 epoch. The larger the ratio |D.|/|D®|, the more the student
performs on domains unseen during training (underlined values).

Domain | o | 1 | 2 | 3 | I[Dl|/|D
After D(To1, D5 ) 93.25 | 37.80 | 45.30 | 36.90 0%
After D(7o2, D) 93.95 | 31.60 | 42.20 | 35.25 0%
After D(70s, D5) 92.10 | 32.00 | 39.05 | 33.00 0%
After D(To12, Dia) || 92.70 | 93.15 | 68.35 | 53.80 33%
After D(To1s, Dg1a) || 9245 | 9295 | 48.95 | 72.55 33%
After D(To1, Do) || 96.35 | 77.15 | 48.95 | 48.45 50%
After D(To2, Dgs) || 96.35 | 43.30 | 80.10 | 46.55 50%
After D(Tos, Dbu) || 95.70 | 49.40 | 57.60 | 77.80 50%
After D(To1, Disa) || 9460 | 85.20 | 51.85 | 57.15 66%
After D(To2, D) || 94.60 | 44.00 | 83.55 | 51.55 66%

reported. It is important to note that initially, considered
teachers achieve above 95% accuracy on their respective
domains. Eventually, distilling only on the domain 0 yields
competitive performance on this domain; however, perfor-
mances on other domains remain extremely limited at any
training step. The student performs only on domains that
have been encountered during training. In Table |, we main-
tain the same teacher sequence but include ED for distilla-
tion. Such data are from the domain 4 of CIFAR20, which is
unknown to the teacher. In this case, we can observe that the
student maintains performance on domain O while achiev-
ing much stronger performances on other domains, despite
never being encountered during training. UKT is observed
only when distilling with external data.

External Data Accentuates UKF. While ED typically fa-
cilitates knowledge transfer, it can bias the model toward
the most recent teacher at the expense of earlier knowledge.
Tables 2 and 3 show that ED does not guarantee uniform
gains and may even accentuate forgetting. For instance,
on Digits, DKD and LS suffer significant drops on SVHN
and MNIST-M; notably, DKD’s MNIST-M performance falls
from 54.50% to 33.84%. However, this effect is not uni-
versal, as DKD shows slight gains on DomainNet’s Info-
graph (Table 4). This suggests that while ED can trigger
substantial UKF, the impact depends heavily on the distilla-
tion method and domain distribution.

5.2. UKF Mitigation

Traditional Methods and UKF. In Tables 2, 3, and 4,
we present the results for all methods in CD setups with re-
lated ED. Firstly, it can easily be seen that, as expected, per-
formances on earlier domains tend to be the lowest for all
methods, which is a direct demonstration of UKF where the
student forgot transferred knowledge on unseen domains.
In all scenarios, all traditional distillation methods suffer
from UKF. Secondly, Self-Distillation can partially miti-

W KL-div. @ LS [ Self-Distill.

80 m DKD = MDS E SE2D (ours)
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Figure 5. Average Accuracy of the student across all domains
known by teachers at the end of training on CIFAR20.

gate UKF and surpass distillation approaches due to the
regularization effect of self-distillation. However, a clear
trade-off emerges between UKT and UKF, not unlike the
stability-plasticity trade-off in Continual Learning, where a
model has to balance learning and remembering capabili-
ties. Therefore, while self-distillation surpasses most base-
lines on earlier domains, it struggles to achieve high perfor-
mances on more recent domains.

Performances of SE2D. SE2D allows for better knowl-
edge retention when compared to most baselines, especially
on older tasks where it can surpass baselines by more than
9% on domain 1 of CIFAR20, as reported in Table 2. How-
ever, such results hold only for sufficiently related external
data where the student can adequately learn from the teacher
from one task to another. In Table 2, when using MNIST in
combination, the advantages of SE2D become largely lim-
ited. This behavior is even more pronounced when training
on DomainNet, where SE2D falls behind Self Distillation.
We identify the main reason to be the low teacher quality,
giving poor supervision on ED for SE2D. Additionally, re-
sults in Table 4 show that even when using domains from
DomainNet (supposedly related), performance gain is in-
consistent for all methods. We believe the vast discrepancy
between domains in this dataset hinders UKT, highlighting
the importance of the origin of ED for efficient CD. This is
discussed in more detail in appendix.

5.3. Discussion

External Data Ratio Matters. Another phenomenon that
can be observed in Table 1 is that increasing I%ngl , the pro-
portion of ED compared to ID, enhances performances on
domains unseen by the student. Therefore, a clear trend
emerges: the more data unknown to the teacher is used, the

stronger the UKT is observed.

External Data Origin Matters. Naturally, the origin of
the external data has an impact on the intensity of UKT.
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Table 2. Performances (%, higher is better) of the student at the end of training on CIFAR20 for 4 scenarios. Internal Data Only (DO0),
Related External Data (D4), CUB as ED, and MNIST as ED. The number of runs is set to 3. The gain columns shows the gain over using
Internal Data Only. Grey : Internal Data; Blue : Domain known by the teacher; Red : External Data (ED); White: Ignored.

CIFAR20 - Internal Data Only

Method DO D1 D2 D3 D4 X Avg. (0-3) Gain (1)
Tvest (upper bound) 97.75 95.80 96.70 95.75 - 96.5 0.00
KL-divergence 98.10 £0.05 41.40 +o084 53.38 +035 54.87 +3.70 - 61.94 +1.24 0.00
DKD [CVPR’22] 95.70 +155 35.53 £1.94 4542 +205 41.02 £255 - 54.42 +2.02 0.00
LS [CVPR’24] 96.50 +1.52 39.13 £290 49.77 +440 49.58 +£578 - 58.75 +3.65 0.00
MDS [ICLR’25] 9420 +073 34.30 £280 44.70 +140 41.00 +1.90 - 53.55 +1.72 0.00
Self-Distillation 9745 +043 37.58 £206 5042 +141 45.83 £2.15 - 57.82 + 151 0.00

CIFAR20 + Related External Data

Method DO D1 D2 D3 D4 Avg. (0-3) Gain (1)
Tvest (upper bound) 97.75 95.80 96.70 95.75 - 96.5 0.00
KL-divergence 97.05 £009 48.55+115 55.08 £070 84.77 + o087 - 71.36 +0.70 9.42
DKD [CVPR’22] 96.05 +050 44.13 £098 51.67 £092 68.55 +2.60 - 65.10 +125  10.68
LS [CVPR’24] 96.85 +0.15 47.25 +069 54.25 +046 83.20 +1.87 - 70.39 +0.79 11.64
MDS [ICLR’25] 96.55 +£007 45.26 +£2.10 54.90 +071  73.51 056 - 67.56 +0.86 14.01
Self-Distillation 97.71 + 018 61.23 08 64.21 051 76.58 +£0.94 - 74.93 +0.61 17.11
SE2D (ours) 97.46 £0.19 70.71 £1.05 62.85 +050 73.65 +1.67 - 76.17 +0.85 n/a

CIFAR20 + CUB

Method DO D1 D2 D3 CUB Avg. (0-3) Gain (1)
Toest (upper bound) 97.75 95.80 96.70 95.75 - 96.5 0.00
KL-divergence 97.24 +037 43.89 +1.02 55.13 +076 71.80 +1.73 - 67.02 +097  5.08
DKD [CVPR’22] 93.39 088 33.46 +251 43.10 £293 40.70 £2.20 - 52.66 £2.13 -1.76
LS [CVPR’24] 94.79 £317 38.53 +487 50.21 +574 59.32 +11.60 - 60.71 +6.34 1.96
MDS [ICLR’25] 97.15 £050 41.12 +096 52.38 +1.76 60.38 +2.48 - 62.76 +0.89 9.21
Self-Distillation 9747 +0.12 4797 +1.07 58.40 +134 61.97 + 182 - 66.45 + 1.09 8.63
SE2D (ours) 97.74 000 53.93 +043 58.02 £045 64.54 + 1381 - 68.56 +0.70 n/a

CIFAR20 + MNIST

Method DO (ID) D1 D2 D3 MNIST Avg. (0-3)  Gain (1)
Tvest (upper bound) 97.75 95.80 96.70 95.75 - 96.5 0.00
KL-divergence 94.45 +420 38.24 +6.06 48.44 +856 57.97 +1571 - 59.78 +863  -2.16
DKD [CVPR’22] 91.00 +£335 30.71 +360 41.36 +361 37.96 +4.56 - 50.26 +378  -4.16
LS [CVPR’24] 92.04 +443 3593 +637 4579 +750 5242 +13.24 - 56.54 +788  -2.21
MDS [ICLR’25] 86.83 £1.04 28.53 +220 37.92 +241 37.38 £324 - 4717 +157  -6.38
Self-Distillation 91.90 +494 36.35 +£946 4523 £9.18 43.58 + 1243 - 54.26 +9.00 -3.56
SE2D (ours) 92.64 +466 39.94 +973 47.55 +955 48.88 +13.23 - 57.25 +£9.29 n/a

Table 3. Performances (%, higher is better) of the student at the end of training on Digits for 2 scenarios. Internal Data Only (MNIST) and
Related External Data (KMNIST). The number of runs is set to 3. Average and standard deviations are reported.

Digits - Internal Data Only

Method MNIST SVHN MNIST-M USPS KMNIST X Avg. Gain (1)
Tvest (upper bound) 99.2 97.84 99.25 98.8 - 98.77 0.00
KL-divergence 99.17 £ 004 35.80 £149 62.80 £269 95.81 +046 - 73.40 +1.17 0.00
DKD [CVPR’22] 98.70 £0.11  33.35 +£128 54.50 £245 95.07 +043 - 70.40 + 1.07 0.00
LS [CVPR’24] 99.13 £009 37.60 +140 64.10 £173 96.00 +0.25 - 74.21 +0.87 0.00
MDS [ICLR’25] 98.15 +1.13 34.51 +480 54.97 £949 93.21 +3.01 - 70.21 +3.80 0.00
Self-Distillation 99.23 +0.10 35.08 £1.03 65.87 £1.38 95.28 +0.53 - 73.87 +0.76 0.00
Digits + Related External Data
Method MNIST SVHN MNIST-M USPS KMNIST Avg. Gain (1)
KL-divergence 99.13 +005 31.53 £155 59.84 +257 96.51 +0.10 - 7175 107 -1.65
DKD [CVPR’22] 98.35 +032 25.21 +162 33.84 +428 92.87 +1.63 - 62.57 +196  -7.83
LS [CVPR’24] 99.13 £008 32.28 £037 61.47 +2.15 96.33 +0.33 - 72.30 +0.73 -1.91
MDS [ICLR’25] 99.12 004 33.03 +1.79 60.74 +097 96.13 +0.05 - 62.50 £090  -7.71
Self-Distillation  99.38 £0.01 55.86 £1.60 90.76 035 96.33 +0.15 - 85.58 £053 11.71
SE2D (ours) 99.33 +0.04 61.84 +205 90.44 +018 96.33 +0.10 - 87.00 =+ 0.60 n/a
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Table 4. Performances (%, higher is better) of the student at the end of training on DomainNet for 2 scenarios. Internal Data Only (Clipart)

and Related External Data (Sketch). The number of runs is set to 3. Average and standard deviations are reported.

DomainNet - Internal Data Only

Method Clipart Infograph Painting  Quickdraw Real Sketch X Avg. Gain (1)
Toest (upper bound) 74.35 35.83 66.66 66.19 78.90 - 64.39 0.00
KL-divergence 77.08 £045 18.16 +024 44.17 +050 17.19 +073 67.29 +0.24 - 44.78 +0.29 0.00
DKD [CVPR’22] 77.32 £022 18.04 +009 42.76 +040 17.43 £031 63.99 +o.14 - 4391 +0.17 0.00
LS [CVPR’24] 77.21 £037 17.21 £091 40.95 +014 1642 +101 60.39 +0.20 - 42.43 1044 0.00
MDS [ICLR’25] 76.92 +042 18.08 +023 42.14 +038 17.44 £1.03 63.29 +020 - 43.57 +0.34 0.00
Self-Distillation 80.57 +0.08 20.85 +£033 46.23 +0.11 23.53 025 65.38 +0.04 - 47.31 + 0.11 0.00
DomainNet + Related External Data
Method Clipart Infograph Painting  Quickdraw Real Sketch Avg. Gain (1)
KL-divergence 76.00 £0.18 18.89 009 44.77 £079 15.53 £015 70.65 +0.46 - 45.17 £ 031 0.39
DKD [CVPR’22] 76.53 £0.14 18.70 £044 4424 +032 16.24 +040 68.29 +034 - 44.80 +o0.12 0.89
LS [CVPR’24] 75.28 £039 16.88 £071 40.78 £049 1547 +043 62.76 +0.64 - 42.24 +031 -0.20
MDS [ICLR’25] 75.32 £039 17.53 007 4228 o011 16.12 +061 67.29 +o.11 - 4371 +0.19 0.14
Self-Distillation ~ 80.10 +0.18 21.53 +0.09 48.15 +023 25.28 +0.19 68.75 +0.01 - 48.76 + 0.07 1.45
SE2D (ours) 78.05 011 21.98 029 47.76 £044 23.81 +034 68.43 +o0.14 - 48.01 +0.20 n/a

Intuitively, a large domain difference between external data
and teacher domains might make distillation more challeng-
ing. To showcase the impact of the domain gap, we ex-
perimented with related and unrelated external domains
on CIFAR20. Table 2 presents the results with various ED
scenarios. Notably, it can be observed that leveraging ED
leads to consistent improvement in average on all domains
when related enough to ID. For example, when using D4
and CUB as ED, the performances of KL-divergence dis-
tillation increase from 61.94% to 71.36% and 67.02%, re-
spectively. However, when using MNIST as ED, the perfor-
mances slightly drop to 59.78%. Such a trend is observed
for all considered methods, as it can be observed in Fig-
ure 5. Semantically, CUB consists of images of birds and
is more similar to CIFAR20 than MNIST, even though the
number of classes does not align. Interestingly, we observe
that leveraging ED is essential to promote UKT. However,
as the domain shift between ED and ID increases (e.g., in
CUB), performance tends to degrade. When the domain gap
becomes too large (as in MNIST), using ED can even result
in lower performance than without it.

Limitations of SE2D. While SE2D reduces UKEF, its im-
pact relies on (1) the domain gap between teacher and exter-
nal data and (2) teacher performance on domains unseen by
the student. SE2D also requires data-origin knowledge; the
student must distinguish between the teacher’s known and
unknown domains. This is particularly complex when data
are generated to imitate training sets, making it non-trivial
to identify data outside the teacher’s domain.

6. Conclusions and Future Work

In this work, we introduced a new paradigm titled Continual
Distillation, where a single model learns on a fixed dataset
from a sequence of teachers. Such a new setup is relevant

in the context of ever-evolving Foundation Models, which
are costly to train, expensive to store, demanding to run in-
ference on, and in many cases only accessible via restricted
APIs. In such a context, we observe that the domain of
origin of distillation data is crucial for controlling which
knowledge is indeed transferred to the student. Notably,
we unveil two characteristics: Unknown Knowledge Trans-
fer and Unknown Knowledge Forgetting, which represent
the ability of the student to modify its knowledge on do-
mains that they have never encountered. Such knowledge
control depends only on the teacher and the data used for
distillation. The objective then becomes reaching the best
UKT-UKF trade-off. In that sense, we proposed Self Ex-
ternal Data Distillation (SE2D), which allows us to reduce
UKF and maintain strong average performance on all do-
mains, including domains unseen during training. However,
we uncover that the domain gap between external data and
the teacher domain must be carefully considered in order to
foster UKT. Similarly, performant teachers are required for
SE2D performance to be ensured.

Eventually, UKT comprises opportunities and risks, as
uncontrolled or undesired knowledge could be involuntarily
embedded in a student model through distillation depending
on the considered data. Such a vulnerability could be eas-
ily exploited and introduce unknown bias to model training.
Such an aspect of UKT should be explored in future work.
Potential future directions include working with larger mod-
els, such as language or multimodal models.
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