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Abstract

In this work, we introduce JDCL — a new method for con-
tinual learning with generative rehearsal based on joint dif-
fusion models. Neural networks suffer from catastrophic
forgetting defined as an abrupt loss in the model’s perfor-
mance when retrained with additional data coming from
a different distribution. Generative-replay-based continual
learning methods try to mitigate this issue by retraining a
model with a combination of new and rehearsal data sam-
pled from a generative model. In this work, we propose to
extend this idea by combining a continually trained classi-
fier with a diffusion-based generative model into a single —
Jjointly optimized neural network. We show that such shared
parametrization, combined with the knowledge distillation
technique, allows for stable adaptation to new tasks with-
out catastrophic forgetting. We evaluate our approach on
several benchmarks, where it outperforms recent state-of-
the-art generative replay techniques. Additionally, we ex-
tend our method to the semi-supervised continual learning
setup, where it outperforms competing buffer-based replay
techniques, and evaluate, in a self-supervised manner, the
quality of trained representations.

1. Introduction

Contemporary deep neural networks can be trained to
human-level performance on a variety of different prob-
lems. However, contrary to humans, when retraining the
same models to learn an additional task, neural networks
suffer from catastrophic forgetting [ 15] defined as an abrupt
loss in performance on the previous task when adapting to
a new one. Continual learning approaches try to mitigate
this issue. In particular, replay-based techniques retrain the
model with a mix of new data examples and samples from
the past tasks stored in the memory buffer [1, 48]. How-
ever, since the memory buffer has to constantly grow, new
methods [58, 69] use generative models to generate syn-
thetic versions of past experiences.

In the majority of the recent works, the generative replay
technique follows the simple algorithm:
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Algorithm 1 Generative replay

Input: G, C, sequence of tasks {D;}¥,
G + train_generative_model(G, D)
C' <+ train_classifier(C, D)
foriin2...N do
S <+ sample_dataset(G)
B+ D;,US
G + train_generative_model(G, B)
C' + train_classifier(C, B)
end for

Such an approach introduces an imbalance between the
generative model and the classifier. The generative model
plays a crucial role as a knowledge consolidation method
that stores information about old tasks, while the classifier
is highly dependent on the quality of generated samples,
and the effectiveness of the knowledge transfer from the
generative part of the system. Consequently, several stud-
ies [8, 32, 73] suggest that it may be advantageous to reset
the classifier’s weights entirely and retrain it from scratch
for each task, using a blend of new data and sampled gener-
ations — a solution that contradicts the principles of contin-
ual learning.

At the same time, stable classifier retraining using only
generated data remains a challenge. Even state-of-the-art
diffusion-based generative models are known to have sig-
nificant limitations in precise modeling of data distribu-
tion [56], which results in the degradation of the classifier’s
performance.

In this work, we propose to address this limitation by in-
troducing a joint model that combines the generative and
discriminative models into a single parametrization. In par-
ticular, we extract the latent features from the UNet [49]
trained as a denoising diffusion model and use them for
classification. We optimize our joint model with a sum of
generative and discriminative objectives. Such an approach
directly removes the need for transferring the knowledge
from the generative model to the classifier when retraining
the model on a sequence of tasks.

To visualize the main benefit of this approach, we con-
duct a simple experiment that highlights the drawbacks of
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Figure 1. Further training of a classifier using data generated

from the diffusion model trained with the same dataset harms the
classifier’s performance (blue line). However, joint modeling, es-
pecially in combination with knowledge distillation, significantly
limits this degradation and retains almost the initial performance.
We report accuracy averaged across three different seeds.

recent techniques. We train the classifier and our joint-
diffusion model (ensuring that both models are of simi-
lar sizes) on the CIFARI10 dataset until convergence (for
100,000 optimizer steps)'. Then, we continue to optimize
the models, but instead of using real data, we sample data
from the diffusion model. As presented in Fig. 1, the per-
formance of the classifier (blue line), drastically decreases
as the effect of the rehearsal with generated samples. At
the same time, the performance of our joint diffusion (yel-
low) converges after a much smaller drop in performance.
Furthermore, the addition of knowledge distillation signif-
icantly decreases the degradation of both models, while
keeping the trend of the joint diffusion model outperforming
the classifier in terms of final performance and stability. We
conclude that a combination of joint modeling and knowl-
edge distillation is key for knowledge retention in genera-
tive replay-base CL.

Therefore, we introduce a joint-diffusion continual
learning method, that in combination with knowledge distil-
lation and two-stage training allows for high-quality mod-
eling in CL scenarios. In our experiments, we show that
JDCL achieves state-of-the-art performance when com-
pared with other generative replay methods, while signifi-
cantly reducing the computational cost. We show that this
performance gain is attributed to the higher quality of re-
hearsal samples when compared with the standard diffusion
model. Moreover, we show that our approach can be eas-
ily applied in the continual semi-supervised setup, where
thanks to the shared parametrization we can observe an
alignment between labeled and unlabeled data. In this task,
we show the superiority of our method over the buffer-based
techniques. Finally, we also highlight the quality and sta-

!Details on this experiment are provided in the Appendix
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bility of representations built by our method by evaluating
it in a self-supervised manner. Our main contributions can
be summarized as follows:

* We introduce JDCL - a joint diffusion continual learning
approach that mitigates the problem of knowledge trans-
fer between generative and discriminative models in gen-
erative replay.

We show that in class-incremental setup, our approach
outperforms recent state-of-the-art generative replay tech-
niques and approaches the soft-upper bound defined by
a method with an infinite memory buffer, while signifi-
cantly reducing the computational cost.

We extend our studies to continual representation and
semi-supervised learning where we compare JDCL
against buffer-based rehearsal techniques.

2. Related Work

Continual Learning The increasing size of machine
learning models, and hence the increased computational
cost of their training highlights the need for effective meth-
ods for model updates. Therefore, we can observe a
growing number of continual learning techniques [43, 45]
that aim to mitigate the problem of catastrophic forget-
ting [15], without reducing the ability to adjust to new
data. CL methods can be categorized into three groups:
(1) Regularization-based approaches such as EWC [26],
LwF [34] reduce the interference from the new tasks on the
parts of the neural network that are crucial for the previ-
ous ones. (2) Architecture-based methods (e.g.RCL [76],
PNN [53]) directly build different model versions for dif-
ferent tasks. Finally (3) Replay techniques (e.g. [1, 48]) use
a limited number of past samples as rehearsal examples, by
mixing them with new data samples.

Generative models in continual learning A significant
drawback of replay approaches is that storing past sam-
ples requires a growing memory buffer. Therefore, Shin
et al. [58] proposed to replace it with a Generative Ad-
versarial Network [19]. This idea was further extended to
VAE:s [42, 67], GMMs [51], or Diffusion-based generative
models [7, 17]. In [32] authors provide a summary of dif-
ferent generative replay techniques. Apart from different
architectures, similar to our idea, an interesting approach is
proposed in Replay Through Feedback (RTF) [67], where
authors combine the variational autoencoder with a classi-
fier. This improves the performance of the final solution,
which is in line with results presented in [40, 65], where au-
thors show that additional reconstruction or generative loss
added to the classifier alleviates catastrophic forgetting.
Several works further extend the basic generative replay
technique. In [69], followed by [35], authors propose to
replay internal data representations instead of the original
inputs. This approach improves model stability but lim-
its its adaptation to new tasks. On the other hand, several



methods drew inspiration from neuroscience and introduced
techniques that mimic the human memory system by divid-
ing the update of the model into two [9, 23] or even three
stages [70].

Recently, diffusion-based  generative =~ models
(DDGMs) [20, 60] have come to the forefront as a
state-of-the-art generative method. Therefore, there is
growing research on continual learning with DDGMs.
Zajac et al. [78] provide an overview of how DDGMs
work when combined with baseline CL methods. In [17]
authors employ DDGMs with classifier guidance [12] as a
source of rehearsal examples. This idea is further extended
in [7], where authors overview different sampling strategies
with DDGMs. There are several methods that explore
the possibilities for efficient updates of large-scale text-
to-image diffusion models. In DreamBooth [52] authors
introduce a method for finetuning text-to-image DDGMs
with Prior Preservation Loss, that employs generative
replay to mitigate catastrophic forgetting. Similarly, [59]
extend this idea with Low Rank Adaptation (LORA [21])
technique, while in [57] apply this method for object and
style update. On the other hand, Basu et al. [3], show that
knowledge in text-to-image models is highly localized and
can be updated directly in the attention layers of the text
encoder.

H-space in diffusion models Several methods explore
the potential of using the latent representations within the
U-Net model used as a denoising decoder in DDGM. In
particular, Kwon et al. [29] show that the bottleneck of the
U-Net dubbed H-space can be used as a semantic latent
space for image manipulation. This idea is further extended
in [46]. Similarly, some techniques employ the H-space
in downstream tasks outside of generative modeling. Au-
thors of [2], [66] and [50], show that such features can be
used for image segmentation, in [37] Luo et al. extend this
idea to image correspondence, while [10] use H-features
for classification. In this work, we relate to the utilization
of H-space by employing it in a continually trained joint
diffusion model with a classifier.

Semi-supervised learning Semi-supervised methods
confront the problem of training models on large datasets
where only a few samples have associated annotations
[61, 77]. Recently, most of the best-performing semi-
supervised methods belong to the family of hybrid
methods that combine consistency regularization and
pseudo-labeling [4, 28, 61, 77, 79]. The main idea behind
consistency regularization is an assumption that the model
should yield similar outputs when fed perturbed versions
of the same image or when its weights are slightly per-
turbed [30, 41, 54, 64]. On the other hand, pseudo-labeling
techniques exploit the concept of using synthetic labels
for unlabeled data. More precisely, this involves utilizing
“hard” labels (i.e., the arg max of the model’s output)
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for which the predicted class probability surpasses a
predetermined threshold [6, 31, 47, 72, 75, 77]. Apart from
consistency regularization and pseudo-labeling, a third
group of SSL methods employs additional deep generative
models [77] such as Variational Auto-Encoder (VAE)
[13, 25, 33, 38, 44], or Generative Adversarial Networks
(GAN) [16, 36, 55, 62, 74], to learn the underlying
class-conditional distribution of partially labeled data.
Despite their proliferation, as noted by [24], the stan-
dard semi-supervised approaches do not address the prob-
lem of learning in a continual setup. Consequently, a new
line of research called continual semi-supervised learning
emerged to address the challenges of the combination of
those two domains. To that end, [71] introduced ORDisCo,
which utilizes a conditional GAN with a classifier to learn
from partially labeled data in an incremental setup. On
the other hand, [5] proposed CCIC, a method that enforces
consistency by contrasting samples among different classes
and tasks. In contrast, the recent state-of-the-art method
called NNCSL [24] leverages the nearest-neighbor classifier
to learn the current task, while also retaining the relevant in-
formation from the previous tasks. In this work, we adapt
the mechanism of pseudo-labeling and consistency regular-
ization, which we combine with our joint diffusion model to
combat the problems of semi-supervised continual learning.

3. Background

3.1. Continual Learning

In this work, we tackle the problem of continual learning,
which as a machine learning paradigm assumes that data
used for training of a function f is provided in separate
portions known as tasks. Particularly, in class-incremental
learning [68], we assume that each task has a disjoint set
of non-overlapping labels. In this setup, the objective is to
minimize the prediction error on all of the labels without
any additional information such as the identity of the asso-
ciated task.

3.2. Joint Diffusion Model

We follow the parametrization of joint diffusion models in-
troduced in [10], where features from the different levels of
the UNet architecture are pooled into a single vector z used
for classification. Let py be the denoising model, which
is of the UNet architecture, with parameters 6. As such,
the denoising model consists of the encoder e, and the de-
coder d,, with parameters v and v respectively, such that
0 = {v,v}. The encoder takes input x; and returns a set
of tensors Z; = e, (x;) that is, a set of representation ten-
sors Z; = {z},2%...2'} obtained from each depth level
of the UNet architecture. The decoder reconstructs the de-
noised sample z;_1, from the set of representations, i.e.,
xi—1 = dy(Z;). Additionally to the standard diffusion de-



noiser, we propose to pool the representation set into a sin-
gle vector z; = f(Z;) via average pooling. Finally, we
introduce classifier g,,, with parameters w - the final part of
the model that predicts target class § = g,,(2¢).

We optimize the whole model jointly by modeling the
joint probability as follows:

Pupw(T0:75Y) = Puw(YlT0) Doy (To.T), (1)
which after applying the logarithm yields:
lnpv,d;,w (xO:T; y) =In Pr,w (yIlO) + In DPvy ($O:T)~ (2)

We use the logarithm of the joint distribution (2) as the
training objective, where ln py(xo.r) is approximated by
the simplified DDGM objective [22]:

Luin(, 1) = Bxy.e [l€ — €] 3)

where € is the noise added to the initial image and € is a
prediction from the decoder:

{zf,20 .. 2} =e, (Vaixo + VI — e, t) (4
é :dw({ztl,zfzf}) 5)

For the classifier, we employ the logarithm of the categori-
cal distribution:

exp ()

Yoo exp (i2c)

(6)
which corresponds to the cross-entropy loss, where y repre-
sents the target class, ¢ is a vector of probabilities generated
by the classifier g, (e, (o)) and 1[y = k] is the indicator
function that is 1 if y equals k£ and 0 otherwise. The final
loss function that we optimize with a single optimizer over
parameters {v, ¥, w} is:

LJD(Va'(/}7W) = - Lclass(”aw) - LO(”»"/’)

K—-1
LClasS(V7w) = _Exo,y Z ]l[y = k] log
k=0

T
- Z Ly it (v, ) — Lr(v,v),  (7)
=2

To train the model over a batch of data examples (zg, y),
we first noise the example xy with a forward diffusion to
a random timestep xy, so that the training loss for the de-
noising model is a Monte-Carlo approximation of the sum
over all timesteps. After that, we feed z to a classifier and
calculate the cross-entropy loss on returned probabilities ¢
and the given class labels y.

4. Method

Following the introduction in the previous section, we in-
troduce JDCL - a new continual learning method with gen-
erative replay that allows for stable adaption to new tasks.
Our approach takes advantage of three main ideas: joint-
diffusion parametrization, two-stage local-to-global train-
ing, and knowledge distillation.
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Joint diffusion modeling in CL. The main component of
our solution is based on the joint-diffusion model. We adapt
the method described in section Sec. 3.2 to the generative
replay strategy. We train jointly a single model with gen-
erative and discriminative objectives, and benefit from this
fact, by using the generative properties of our model to gen-
erate rehearsal samples.

Two-stage local-to-global training One of the crucial
problems in continually trained neural networks is the
plasticity-stability dilemma. As presented in Fig 1, we
can easily achieve high stability of our continually trained
model through a self-rehearsal mechanism combined with
knowledge distillation. However, to improve the plasticity,
we relate to the two-stage training [9, 18] where we first
fine-tune the copy of the current model using only newly
available data, which results in perfect plasticity. Then, we
distill the adapted model with the previous one into a new
global model as presented in Fig. 2.

More precisely, we first create a copy of our current joint
diffusion model p,, y ., (%o.7, ), and train it with the cur-
rently available dataset D.. We call that model local and
we optimize it with the loss provided in Equation 7.

Following that, we move to the global stage. We begin
by generating a rehearsal dataset S7.,_1 fortasks 1to7—1
by sampling from the original global joint diffusion model.
We then combine this dataset with a synthetic dataset .S,
which we generate with the local model. All the samples
are generated unconditionally by the diffusion part of the
joint diffusion. The labels for those generations are then
assigned by the classifier part of the appropriate models.

Finally, to acquire the next global model, we fine-tune
the previous global joint diffusion on the combined syn-
thetic dataset with a joint diffusion loss L;p defined in
Equation 7.

Knowledge distillation To further mitigate catastrophic
forgetting and improve the model’s stability, on top of the
standard joint diffusion loss, we apply the knowledge dis-
tillation technique. To that end, we adapt standard KD loss
to our joint model, by summing up separate parts from the
diffusion and classifier. For a frozen joint diffusion model
p/, updated model p,, ., (To.7,y) and dataset D we define
the diffusion knowledge distillation loss as:

o112
LER(v. %) = Expene, [les =], ®
where € is the noise predicted by the frozen model pl.
Classification knowledge distillation loss LED (v, w) is

then a cross-entropy loss between the vectors of probabil-
ities o/ and ¢ assigned for the same input by models p/,
and p, . ., respectively:

K-1

Z log

k=0

S (“0’“)@ )soil L ©

c=0

KD
Lclass

(v,w) = —Ex, l
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Figure 2. Overview of JDCL. To adapt the global model to task 7 + 1, we first train a local joint diffusion model on task 7 + 1 only. We
then use the global model and the local model to generate a synthetic dataset consisting of samples from tasks 1,2...7 + 1. Finally, we
fine-tune the global model with the generated dataset and a combination of joint diffusion and knowledge distillation losses.

Therefore, the full joint diffusion knowledge distillation
loss is defined as a sum:

Lipkp(v,,w;p’) =axp - LR (v,w) — LEP (v,4)

T
=Y L, v) = LEP (v, ),
t=2
(10)

where axp is a knowledge distillation classification loss
scale.

Finally, the training objective, which we optimize to ob-
tain the global model for task ¢ can be expressed as:

Lep(v,¥,w) =Exo,yes1..io1 [LJDKD(Va %w;pf)}
+ Exoyes, [Liprp(V, 1, w;pn)]
+ ﬂ ’ ExonySL..t [LJD(Vﬂ/}aw)} ’

where pf is the previous frozen global joint diffusion
model, p,, is the frozen local model, S;. ; is the synthetic
dataset for tasks 1 to ¢ and /3 is a non-knowledge-distillation
loss scale.

Joint Diffusion Model in semi-supervised setup One of
the biggest advantages of our approach is its flexibility. The
design of JDCL specifically allows for stable consolidation
of knowledge from two fully independent models. That
means that during the local training stage — the only phase
that deals with the data from the current task — we can train
the local model without any consideration for the incremen-
tal objective. This observation allows us to easily adapt our
method to the semi-supervised continual setup. In this sec-
tion, we describe changes in the local training stage that
allow us to continually train the model on partially labeled
data.
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First of all, thanks to our joint modeling, we can ben-
efit from our shared parametrization and simply use the
unlabeled examples only with the generative part of our
model. However, to further improve the results, we pro-
pose to combine our joint modeling with consistency regu-
larization and pseudo-label techniques introduced in [61].
To that end, similarly to [61] we use two different sets
of augmentations. With weak augmentations «, we as-
sign pseudo-labels to the unlabeled examples, and then,
with strong augmentations A, we calculate additional train-
ing objective Lg(v,w). To obtain an artificial label g
for unlabeled data x, we calculate the argmax of our
model’s prediction for weakly augmented image ¢ : ¢, =
9w (ev(a(zy))); g = arg max(yp,). Then, we calculate the
semi-supervised classification loss I as a cross-entropy
loss between the model’s output for a strongly-augmented
data and the assigned pseudo-label:

LSS](V7W> = - Exo,y{]l[mam(ﬁoq) > T]
H (v 9o (€1 (Alzu))))}

where 7 corresponds to the threshold below which we dis-
card a pseudo-label and H (p, ¢) denotes the cross-entropy
between two probability distributions p and q.

The full loss function in our semi-supervised approach is
then the following:

Y

L(l/7¢7w) =« Lclass(Vaw) +a- LSSI(Va UJ) - LO(V7 w)

T
_ Z Lt,diff(V? ’l,[)) - LT(V7 1/’)
t=2

Training the model in a semi-supervised setup, over a
batch of data (¢, y, uo) proceeds very similarly to the train-
ing in a fully supervised setup. Firstly, we follow the train-



Table 1. Comparison of our JDCL with non-generative
distillation-based techniques and generative rehearsal methods, in-
cluding feature replay techniques that we mark in gray color. Re-
sults of competing methods from [7, 63].

METHOD CIFAR-10 CIFAR-100 IMAGENET100
T=5 T=5 T=10 T=5

JOINT 93.14 £ 0.16 72.32 £ 0.24 66.85 +2.25
CONTINUAL JOINT  86.41 £0.32 73.07 £0.01 64.154+0.98  50.59 £0.35
FINE-TUNING 18.95+0.20 16.924+0.03 9.12+0.04 13.49 £0.18
EwWC 20.08 £0.51 2228 £1.03 13.95%1.01 21.354+0.26
GKD (LWF) 49.60+0.42 3746 £ 1.18 27.91+£0.47 33.90+0.25
MKD (1CARL) 50.37 £2.15 34.01 £0.69 2595+0.50 33.03+0.23
TKD (SS-IL) 50.46+1.96 38.47+£0.83 28.96+0.19 352240.22
ANCL 4470 +3.24 2946 +£0.28 18.76£0.95 29.40+0.23
DGR VAE 28.23 +3.84 19.66 £0.27 10.04 +£0.17 9.54 +£0.26
DGR+DISTILL 27.83+1.20 21.38£0.61 13.94+0.13 11.77 £0.47
RTF 30.36 £ 1.40 17.45+0.28 12.80£0.78 8.03 £0.05
MERGAN 51.65 4+ 0.40 9.65+0.14 12.344+0.15 -

BIR 36.41 £0.82 21.75+0.08 15.26 £0.49 8.63 £0.19
GFR 26.70+1.90 34.80+£0.26 21.90+0.14 32.95+0.35
DDGR 43.69+2.60 28.11£258 1599+1.08 25.59+2.29
DGR DIFFUSION 59.00+£0.57 28.25+£0.22 15.90 £ 1.01 23.924+0.92
GUIDE 64.47 £0.45 41.66 £0.40 26.13+0.29 39.07 £ 1.37
IDCL 83.69+ 1.44 47.95+£0.61 29.04£0.41 54.53+2.15

ing steps from the supervised setup, with one exception - in-
stead of noising and then calculating the denoising model’s
training loss on xy we use both x( and wg. Following that,
we compute pseudo-labels for unlabeled data and use them
to calculate the semi-supervised loss.

5. Experiments

5.1. Experimental Setup

Datasets We evaluate our method on three commonly
used datasets — CIFAR10, CIFAR100 [27] and Ima-
geNetl100 [11]. The first two of those datasets contain
50000 training and 10000 test images of size 32 x 32 divided
into 10 or 100 classes. ImageNet100 on the other hand con-
tains 120000 train images in 64 x 64 resolution from 100
different classes. For the class-incremental setup, we split
the CIFAR10 and ImageNet100 datasets into 5 equal tasks
and the CIFARI100 dataset into 5 or 10 equal tasks. For
semi-supervised setups, we train our models on two dif-
ferent ratios of labeled data in the dataset, i.e. 0.8% and
5%. Those ratios correspond to 4 and 25 labeled examples
per class in CIFAR100, and to 40 and 250 samples for CI-
FAR10.

Implementation details We use the same joint diffusion
model architecture in all experiments on CIFAR10 and CI-
FAR100, and an upscaled version of it for ImageNet100 ex-
periments to adjust to the bigger dataset resolution. For the
UNet, we follow the implementation provided in [12]. For
the classifier, we use a 2-layer feed-forward net with a hid-
den layer of 1024 and a LeakyRELU activation function.
The detailed description of the training hyperparameters is
provided in the Appendix, and in the code repository~.

Zhttps://github.com/pskiers/Joint-Diffusion-in-Latent-Space
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Figure 3. Accuracy on each task after each phase of incremental
training on CIFAR100 with 5 tasks.

5.2. Main results

To compare our method with other generative rehearsal ap-
proaches, we measure its performance on several CL bench-
marks. In Tab. 1, we show that our method outperforms
other evaluated generative replay techniques in terms of av-
erage accuracy after the last task. On CIFAR10 and Ima-
geNet100, our method approaches the soft upper limit, cal-
culated as a continual joint method trained with an infinitely
long replay buffer. On those benchmarks, we surpass the
previous state-of-the-art score by over 19 and 15 points,
which is an increase of around 30% and 40% for CIFAR10
and ImageNet100 respectively.

To better understand the advantages of JDCL over the
competing methods, we perform a detailed comparison of
our method against the GFR and GUIDE. To that end, in
Fig. 3 we present the accuracy of each approach, on each
task after each training phase on CIFAR100 with 5 tasks.
JDCL significantly outperforms GUIDE in terms of knowl-
edge retention from preceding tasks. This is especially vis-
ible when we examine the change in performance of the
methods on the older tasks. Whereas GUIDE’s knowledge
obtained during the first task is quickly forgotten and is al-
most completely lost at the end of the training, JDCL is
able to maintain a good accuracy on the first task for the
whole training process. Notably, the performance degrada-
tion in our method seems to be related rather to the increas-
ing complexity of the problem instead of forgetting, as we
do not see fast degradation on the oldest tasks. On the other
hand, when comparing to the GFR, we can observe that our
method, though worse at preserving knowledge, is much
better at assimilating new information. This phenomenon
can be attributed to the significantly limited plasticity of the
GFR that slows down the training of its feature extractor
and restricts its update to the feature distillation loss. Con-
sequently, the model has a substantially worse final perfor-
mance.

Semi-supervised continual learning Apart from the
standard supervised setup, we evaluate our method on a set
of semi-supervised continual scenarios and compare it to
the existing approaches. As shown in Tab. 2 JDCL out-
performs other methods on all CIFAR10 setups, while also
achieving comparable accuracy on CIFAR100. It is worth



Table 2. Average accuracy with a standard deviation of differ-
ent methods tested with 5-task CIFAR-10 and 10-task CIFAR-100
semi-supervised settings. The number in brackets indicates the
size of the memory buffer for the labeled data. Results of compet-
ing approaches from [24]

CIFAR-10 CIFAR-100

Method

0.8% labeled 5% labeled  0.8% labeled 5% labeled
Fine-tuning 13.6+2.9 18.2+0.4 1.8+0.2 5.0+0.3
ER (500) 36.3+1.1 51.944.5 8.240.1 13.7+0.6
iCaRL (500) 247423 35.843.2 3.6+0.1 11.3+£0.3
FOSTER (500) 43.3+0.7 51.9+1.3 4.7+0.6 14.1+0.6
X-DER (500) 33441.2 48.2+1.7 8.9+0.3 18.31+0.5
PseudoER (500) 50.540.1 56.5+0.6 8.7+0.4 11.4+0.5
CCIC (500) 54.0+0.2 63.3£1.9 11.5+£0.7 19.5+0.2
PAWS (500) 51.8+1.6 64.6+0.6 16.1+0.4 21.2+0.4
CSL (500) 64.5+0.7 69.6+0.5 23.6+0.3 26.2+0.5
NNCSL (500) 73.2+0.1 77.240.2 27.4+0.5 31.4+04
PseudoER (5120) 55.44+0.5 70.0+0.3 15.14£0.2 24.940.5
CCIC (5120) 552+14 74.3+1.7 12.04+0.3 29.54+0.4
ORDisCo (12500) 41.7+1.2 599 +1.4 - -
CSL (5120) 64.3+£0.7 73.1+£0.3 23.7+0.5 41.8+0.4
NNCSL (5120) 73.7+£0.4 79.3+£0.3 27.5+0.7 46.0+0.2
JDCL 78.93+0.72  79.96+0.86  22.1940.3 26.39+1.7

Table 3. Ablation study on CIFAR10/5 depicting the importance
of individual components. Our method greatly relies on the syn-
ergy of joint modeling with knowledge distillation.

Joint Knowledge  2-stage
. ety .. Accuracy

modeling  distillation  training

4 4 v 83.7

X v v 68.4

v X v 48.2

v v X 36.7

X X 4 32.7

noting that JDCL is able to reach state-of-the-art perfor-
mance on CIFAR10 without a memory buffer, while also
in a majority of tasks sampling fewer examples from the
diffusion model than the buffer size in the related works.
For CIFAR100, we believe that the reduced performance
of our method is caused by an extremely weak signal from
the classifier, which introduces an imbalance in our joint
training. To further explain the issue, we visualize how
JDCL builds latent representations in the SSL setup in the
appendix.

5.3. Additional Experiments

The interplay between shared parametrization, distilla-
tion, and two-stage training

In this work, we propose a new generative replay method
for continual learning. Apart from the main idea of our ap-
proach, which is joint diffusion and classification modeling,
we combine it with two important techniques: knowledge
distillation and two-stage training. In this section, we ablate
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Figure 4. Difference between the distribution of logit value cor-
responding to class 1 from CIFAR-10 for real and synthetic data.
Samples generated by the joint model closely match the real data’s
logits distribution, whereas those from the separately trained clas-
sifier diverge significantly.
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Figure 5. Mean accuracy after each task for the ablation methods
(left) and accuracy of JDCL on current and the first task with and
without two-stage training (right)

the impact of each component. Notably, for experiments
without joint modeling, we use a separate diffusion model
with the same architecture as the joint diffusion model, and
ResNet-18 as a classifier. We train and distill them in the
same manner as the joint model. In Tab. 3 we show the re-
sults for the model trained without individual components.
As visible, high performance of JDCL is attributed to the
synergy of the proposed joint modeling, knowledge distilla-
tion technique, and two-stage training. To further highlight
the interplay between those three components, we perform
additional experiments.

First, we emphasize the importance of joint diffusion for
effective knowledge distillation. To that end, we train a joint
diffusion model and a separate classifier and diffusion on
a single task. In Fig. 4, we compare the classifier’s logits
distributions for a single class from the real data and re-
hearsal samples generated by the diffusion model trained
either separately or jointly with the classifier. As visible,
generations from the joint model closely match the real data
logits distribution. However, for the separate classifier, the
distributions diverge significantly. This discrepancy means
that when updating the global model via knowledge distilla-
tion, the rehearsal data remains in-distribution for the joint
classifier while being OOD for the separate classifier, which
explains the observed performance gap.

To further highlight this synergy, in Fig 5 (left) we
present how the average accuracy changes after each task
for the ablated models. We observe that knowledge distilla-
tion and two-stage training can largely mitigate the absence
of joint modeling on a task-to-task basis. However, in the
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Figure 6. Accuracy of a logistic regressor trained on representa-
tions learned with different supervised and self-supervised meth-
ods on CIFAR100. Results of competing approaches from [14, 39]

Table 4. Comparison of the generation quality of JDCL and Deep
Generative Replay with standard DDPM after the last task.

CIFAR-10/5 CIFAR-100/5
Method
FID  Precision Recall FID  Precision Recall
DGR 49.56 0.54 0.34 5036 0.48 0.30
JDCL 32.12 0.60 043  39.93 0.71 0.27

CL setup, the performance differences steadily accumulate,
leading to significantly worse final results.

Finally, we show that the use of two-stage training with
distillation significantly stabilizes the alignment of new and
old knowledge. In Fig. 5 (right) we plot the accuracy on
the newly observed task, and the remaining accuracy on the
first one. We can observe that although two-stage training
cannot achieve as high plasticity, stable distillation from a
local copy of a model to the global one leads to significantly
reduced forgetting in the first task.

JDCL as a continual representation learner

In this section, we show that our method is able to learn
meaningful data representation in a continual setup. We
follow the evaluation approach common in self-supervised
continual learning techniques, as presented in [14]. In par-
ticular, we report the accuracy of a logistic regressor trained
on the features provided by our model i.e. on the set of rep-
resentations of the UNet model, pooled into a single vec-
tor. In Fig. 6 we compare our model with supervised and
self-supervised continual methods. We can observe that the
representations learned by our model are indeed very infor-
mative. Moreover, we find that JDCL outperforms other
approaches on the CIFAR100 setup with 5 tasks.

Incremental generative setup comparison

Generative-replay-based continual learning methods rely
heavily on the underlying generative model to preserve
knowledge about the previous tasks. The quality of the
samples generated by the method is therefore of utmost
importance. In this section, we perform a comparison of
JDCL and the diffusion model trained continually on CI-
FAR10 and CIFAR100, both split into 5 tasks. We present
the achieved FID, Precision, and Recall after the last task
in Table 4. JDCL outperforms the baseline method on all
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Table 5. Runtime analysis of all baseline methods on the CIFAR-
10/5 benchmark. Our approach is computationally more efficient
than related diffusion-based methods.

Method Time [GPU-hours]  Accuracy
DDGR 41.29 43.69
DGR diffusion 28.02 59.00
GUIDE 30.60 64.47
JDCL (fast) 27.21 78.10
JDCL 53.83 83.69

but one metric. We can observe significant improvement
in the precision of generations, which results in generated
rehearsal samples being clearly assigned to one of the pre-
vious classes, bringing less noisy signals to the model. As
argued in [17], this trait can be the reason for the improved
performance of the continually trained classifier.

Runtime analysis of JDCL for CIFAR-10/5

One of the biggest drawbacks of generative-replay-based
techniques is an excessive computational cost associated
with the training of the generative model and additional
time spent on sampling of the rehearsal examples. How-
ever, thanks to the joint modeling our method is very data-
efficient. For example, in the case of the CIFAR dataset,
at the beginning of each task, we sample only 400 exam-
ples per class for CIFAR-100 or 1000 examples per class
for CIFAR10. This occupies approximately 13% of the
total GPU time spent on each task. The combination of
the joint model training additionally allows us to achieve
state-of-the-art results with computational costs comparable
to other diffusion-based solutions. Moreover, with simple
tricks such as training with reduced float precision (JDCL
fast) our method achieves performance significantly higher
than other approaches, while also having the lowest com-
putational cost. In Table 5, we present a runtime analysis
to compare the training times of JDCL with diffusion-based
baselines. All methods were trained on the same machine
with a single NVIDIA A100 GPU.

6. Conclusions

In this work, we introduce JDCL — a new continual learn-
ing method that employs joint-diffusion modeling for gen-
erative replay. We propose a shared parametrization that
mitigates the problem of knowledge transfer in generative
replay. In our experimental section, we show that JDCL
outperforms recent generative replay techniques in stan-
dard class incremental scenarios. Moreover, we propose the
adaptation of our method to semi-supervised learning where
we are able to outperform buffer-based approaches. Finally,
we show in additional experiments that the performance of
our method should be attributed to its ability to learn and
maintain useful representations.
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